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MODELING USER CHARGING BEHAVIOR
IN EV NETWORKS USING M/M/N QUEUEING SYSTEMS

Introduction. The rapid growth of electric vehi-
cles has increased the variability and peakiness of charg-
ing demand, producing local congestion, waiting times,
and unstable station utilization. Demand is often syn-
chronized by daily routines and travel patterns, and spa-
tial imbalances in station availability amplify these ef-
fects in urban networks [1-4]. Evidence from empirical
studies shows that user routines and charging prefer-
ences generate heterogeneous arrival processes and ser-
vice times, which must be considered to ensure reliable
access to charging services [9-12].

Analysis of recent research and publications.
Recent forecasting and grid-impact studies predict
charging loads using travel- and context-aware models,
including Bayesian and transformer-based methods, but
they mostly operate on aggregated demand and rarely
translate predictions into service-level congestion met-
rics [2; 5-8].

Behavior-focused analyses based on high-resolu-
tion session datasets, clustering, and functional data
methods demonstrate pronounced heterogeneity: habit-
ual workplace users and long-duration sessions can
dominate charger occupancy, while other users rely on
short fast-charging sessions [9-12].

Queueing theory provides analytical tools for sta-
tion planning and congestion evaluation; multi-server
models and finite-queue formulations have been applied
to infrastructure planning, routing, and performance
evaluation under strategic user choices [13-18]. How-
ever, most queueing approaches assume homogeneous
users and do not map empirically derived behavioral
segments to queue parameters (A, W, p), leaving the sta-
bility implications of behavioral composition underex-
plored [12-14; 19].

Therefore, integrating behavioral segmentation
with multi-server queueing models is necessary to iden-
tify which user groups generate congestion and to
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inform targeted managerial interventions in innovative
charging services.

Purpose of the article. The purpose of this article
is to quantify how distinct EV charging behavior seg-
ments affect the performance of multi-server charging
stations modeled as M/M/n queueing systems, focusing
on arrival intensity (A), service rate (p), utilization (p),
and expected waiting time in queue (Waq).

Research results. Understanding the diversity of
electric vehicle (EV) user behavior is essential for de-
veloping accurate demand models in charging infra-
structure. To capture this behavioral heterogeneity, a
data-driven segmentation analysis was performed using
unsupervised machine learning. The objective was to
identify homogeneous behavioral groups of EV users
based on their actual charging patterns.

The raw dataset included historical records of
charging sessions collected over a multi-week period,
with each observation representing one user session. To
build meaningful behavioral profiles, the following fea-
tures were selected:

- hour_start — start time of charging session (in
hours),

- duration_h — duration of charging (in hours),

- energy_kWh — total energy transferred (kWh),

- avg_power — average charging power (W),

- price_per_kWh_fixed — fixed electricity cost per
kWh (UAH),

- station_type — type of charging station (Alternat-
ing Current (AC) or Direct Current (DC)),

- is_weekend — binary weekend indicator.

Numerical variables were standardized using
StandardScaler to ensure equal scaling and eliminate
unit-based distortions. Categorical variables (station
type and is_weekend) were encoded using One-Hot
Encoding, allowing the clustering algorithm to treat
binary inputs effectively. Additionally, outliers in price
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(above the 99.5th percentile) were removed to incre-
ase robustness, and missing values were confirmed ab-
sent.

The k-means clustering algorithm was selected due
to its simplicity, efficiency, and interpretability in high-
dimensional behavioral datasets. The optimal number of
clusters k was determined using two metrics:

- the Elbow Method, which analyzes the total
within-cluster sum of squares (SSE), and

- the Silhouette Score, which measures separation
quality between clusters.

Both methods consistently pointed to k = 4 as the
most appropriate choice (Figure 1, Figure 2). The sil-
houette coefficient reached a maximum of 0.247, indi-
cating moderate but stable cluster separability — typical
for behavioral data with overlapping patterns.
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Fig. 1. Silhouette scores vs. number

of clusters (k)
Source: compiled by the authors
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Fig. 2. Elbow Method Plot (SSE vs. k)
Source: compiled by the authors

Dimensionality reduction was performed using
Principal Component Analysis (PCA) to visualize clus-
ter distribution in two-dimensional space (PC1, PC2).
The results showed four relatively compact and distinct
clusters, with minor overlap (Figure 3).
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Fig. 3. PCA visualization of the 4 clusters
Source: compiled by the authors

To interpret the clusters, average values of key fea-
tures were calculated for each group. The profiles are
presented in Table 1.

Table 1. Cluster Centroids: Average Charging
Characteristics by Segment

+— = — X~
S 8 | | Hc| Eo |52 | |2
IS h| 8 (S ; o ; D_| 2 q_)l q_)l
2| 5 | E| 22| 22| gS| 8 8
w = 3 @ = 5 @ &
0 | 13.97 | 547 | 28.44 5,626 11.96 | 0.98 | 0.02
1 | 12.09 | 0.65 | 34.37 | 61,367 | 14.59 | 0.00 | 0.99
2 | 13.04 | 0.78 | 13.58 | 24,752 | 12.88 | 0.18 | 0.82
311282 | 0.72 | 11.81 | 23,010 | 12.83 | 0.20 | 0.80

Source: compiled by the authors

Each segment reflects a typical behavioral sce-
nario:

Segment 0 — Long daytime AC sessions: Charac-
terized by long charging durations (>5 hours), low
power output, and strong preference for AC charging.
Typical use case includes home or workplace parking.
Users are motivated by convenience and stable vehicle
availability during the day.

Segment 1 — Fast commercial DC charges: Short-
duration, high-power sessions at fast-charging public
stations. These users prioritize time efficiency and are
willing to pay more for faster charging. Commonly as-
sociated with business travel or professional drivers.

Segment 2 — Opportunistic urban DC top-ups:
Medium-power, short-duration sessions that suggest
casual recharging behavior during errands. Users seek
partial energy restoration without full battery replenish-
ment.

Segment 3 — Routine workplace DC sessions: Con-
sistent, short and moderately powerful sessions perfor-
med at regular times, suggesting habitual charging be-
havior. These sessions likely belong to fleet or corporate
EV users with scheduled operations.
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To ensure robustness, the clustering algorithm was
executed five times with different initialization seeds
(random_state = 1, 42, 123, 999, 2025). In all cases, the
silhouette score remained unchanged (0.219 + 0.000),
confirming solution stability. Additional validation was
performed using Calinski-Harabasz Index (3587.31)
and Davies-Bouldin Index (1.364). Both metrics con-
firm acceptable intra-cluster compactness and inter-
cluster separation.

To evaluate the operational performance of EV
charging infrastructure, we developed a formal queue-
ing-based analytical model grounded in M/M/c theory.
The model allows for quantifying key efficiency indica-
tors such as station load factor (p), average queue wait-
ing time (W, ), queueing probability (P, ), and the aver-
age number of users in the system (L), across various
demand and infrastructure scenarios.

The charging network is modeled as a collection of
independent service locations, each hosting one or more
charging stations with heterogeneous connector types
(e.g., Type 2, CCS, CHAdeMO). Each location L acts as
a spatial service node, where users arrive according to a
Poisson process with a behavior-driven intensity A.

o = {number of connectors of type k, if all can operate simultaneously;
Lk = 1,if the ports are mutually exclusive.

That is, if two ports (CCS and CHAdeMO) share a
single power module, then for the model this corres-
ponds to one service channel (¢, , = 1).

Avrrival intensity
Ny k
Tobs ' (2)
where: N, , — number of charging sessions of type k at
location L during the observation period; T, — duration
of the observation period in hours.

If the data have sufficient temporal granularity, the
arrival rate can be represented as a time-dependent func-
tion A . (t), reflecting daily and weekly demand fluctu-
ations.

Service intensity

/1L,k =

1

Uk ==, (3)
Tk

where: T, — average charging duration for this con-
nector type at location L.

This indicator reflects the average throughput ca-
pacity of one service channel.

Formally, the system is modeled as a stochastic
process N (t), which describes the number of requests in
the system (waiting and being serviced) at time t.

The set of possible states is:

$={012,..}, 4)
where state n € S indicates that n users are simultane-
ously present in the system.

The number of occupied connectors in state n is
min(n, ¢).

A key structural aspect is that the number of effec-
tive service channels (c) at each location does not always
equal the number of physical connectors, due to hardware
constraints (e.g., two outlets sharing one power module).
Therefore, for each location-connector pair, we define a
subsystem, modeled as an M/M/c queue, where:

Users arrive randomly (Poisson 1),

Service time follows an exponential distribution (u),

There is an infinite queue buffer.

Each subsystem is defined by the tuple (L, k),
where:

L: Location identifier,

k: Connector type,

c1 - Effective number of parallel service channels,

ALk Arrival rate of charging sessions,

Uy k- Service rate (inverse of average session dura-
tion).

Thus, each pair (L, k) is modeled as a queueing
system of type M/M/c, where the arrival process follows
a Poisson distribution, and the service time follows an
exponential distribution.

For the stationary state of the system, the following
key formulas are used:

Effective number of service channels

M)

The process N(t) is a Markov birth-death process.
Transitions occur only between adjacent states:

Transition n — n + 1 (arrival of a new user) with
intensity A;

Transition n — n — 1 (departure of a user) with in-
tensity:

tyn = min(n, c) 4, (5)

where n — number of users currently in the system; c is
the number of available service channels; min(n, ¢) rep-
resents the number of channels that are actively serving
users at state n; u — service rate of a single channel.

Such a structure corresponds to the classical
M/M/c model with an infinite queue.

The dynamics of state probabilities are described
by Kolmogorov-Chapman Equations:

dPn(t) = /1Pn—1(t) - (/1 + ﬂn)Pn(t) + :un+1Pn+1(t)'

dt
n=0, (6)

where P, (t) is the probability that the system is in state
nat time t; A is the arrival rate; u,, is the total service rate
when the system is in state n; u,,, is the total service
rate when the system is in state n + 1; AP,,_,(t) repre-
sents transitions into state n due to new arrivals;
(A + up)PB,(t) represents transitions out of state n;
Un+1Pneq (t) represents transitions into state ndue to
service completions from state n + 1.

Based on parameters A ., Uk, Cx, the main op-
erational characteristics of the M/M/c system can be
computed.
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System Load Factor
ALk
PLx = ——), (7)
Lk CLirHLk

which shows the share of time service channels of
type k at location L remain occupied.

pLx < 1the system is stable; if p, , — 1, queues
emerge.

Probability of Idle System

cLr-1 (AL,k>n (AL,k)CL'k
Uik Uik
Pork = Z +

Long Daytime (AC) — long daytime AC sessions;

Planned Weekends — regular planned charging at
predictable hours;

Regular Urban — short weekday sessions with con-
sistent repetition;

Fast Commercial (DC) — short high-power DC ses-
sions by commercial users.

Results and discussion. The M/M/c queueing
framework was applied to evaluate operational perfor-
mance across five charging locations, three connector

, (8) types, and four behavioral user segments. The goal of
i ml CLk!( _ pL_k) the analysis is to determine how differences in arrival
- . TN CLk/) intensity (A), service rate (n), and number of service
Probability of Waiting (Queueing Probability) channels (c) shape queueing outcomes, including the
</1L_,k)CL’k load factor (p), probability of waiting (Pw), average
P _ Hik p ) queue length (Lq), and waiting time (Wq). Since user
wait Lk | (1 _ pL_k> 0Lk behavior is a major driver of temporal and structural var-
CLk: CLk iability in EV charging demand, the results highlight not
Average Queue Length only technical bottlenecks but also behavioral sources of
L. = Pyait Lk * PLk (10) instability in the system. _ o
a.Lk Prr\ Figure 4 illustrates the nonlinear relationship be-
(1 B m> tween system utilization (p) and the resulting average
Average Waiting Time in Queue waiting time (Wq) across all behavioral segments. As
LqLk expected for an M/M/c queue, most segment-location
WaLk = ﬂ (1D combinations fall within the stable operating region
Average Time in System ' where p remains well below 1, producing waiting times
Lgik close to zero. This is particularly evident for the Regular
Wo Lk = /1' —, (12)  Urban, Planned Weekend, and Fast DC segments, which
Average Number of UsersLiIr; System cluster tightly near the origin of the plot. These segments
o demonstrate that even with moderate arrival intensities,
Lig=2cWer (13)

Using data from charging sessions, M/M/c charac-
teristics were computed for every location-connector-
behavioral segment combination.

Calculations were performed for five locations,
each containing different types of connectors, as well as
for the four behavioral segments identified earlier:

sufficiently high service rates (p) and short charging du-
rations prevent queue buildup. Their results form a
nearly horizontal band close to , indicating that users ex-
perience almost immediate access to chargers.

SUM of Wg segment
Location Long Daytime (AC Planned Weekend: Regular Urban Fast Commercial (DC)
1 0.105 0.012 0.025 0.042
2 0.150 0.044 0.102 0.036
3 3.348 0.035 0.058 0.000
4 0.020 0.014 0.028 0.001
5 0.011 0.011 0.015 0.000

Fig. 4. Heatmap of average waiting time W, for all segment-location combinations

Source: compiled by the authors

However, one segment exhibits substantially diffe-
rent behavior. The Long Daytime (AC) points extend far
upward on the Wq axis, creating a visible vertical spread
that reflects significant queueing delays. This pattern
emerges even at moderate utilization values, showing
that AC charging — with its inherently low service rate —
approaches the instability threshold much faster than
DC charging. As p moves toward 0.9, Wq increases
sharply, consistent with the theoretical curve where

waiting time grows superlinearly as the system ap-
proaches saturation. This validates the analytical predic-
tion that long, overlapping daytime AC sessions are the
primary drivers of congestion, whereas short, high-
power DC sessions rarely generate any queueing pres-
sure.

Figure 5 provides a complementary view by exam-
ining the distribution of waiting times across the four
behavioral user segments. Three segments — Regular

Exonomiunnii Bicauk Jloubacy Ne 2 (84), 2026
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Urban, Planned Weekend, and Fast DC — show extre-
mely compact boxplots with minimal variance and me-
dian waiting times effectively equal to zero. Such nar-
row distributions imply highly predictable performance
and consistent instantaneous service. Even when varia-
bility exists in arrival rates, short charging durations and
relatively high service rates result in rapid turnover, en-
suring stable operation of these subsystems across all lo-
cations.

0.5 -
0.4

03

Pwait

0.2
0.1

0.0

Regular Urban Planned Weekends  Fast C(oonér)nemial Long Daytime (AC)

segment

Figure 5. Probability of waiting per segment
Source: compiled by the authors

In contrast, the Long Daytime (AC) segment exhi-
bits a distinctly different profile. Its boxplot displays a
visibly elevated median, a wide interquartile range, and
several extreme outliers. This shape indicates substan-
tial variability in user experience: while some AC ses-
sions occur during low-demand periods with minimal
waiting, many fall into peak daytime windows where
demand clusters and prolonged session durations cause
queues to accumulate. The spread of Wq values, includ-
ing the appearance of high outliers, reflects the system’s
sensitivity to synchronized user behavior and long occu-
pancy of AC ports. This validates the hypothesis that AC
infrastructure is more susceptible to localized conges-
tion due to slow service rates and habitual charging pat-
terns.

Figure 6 compares three fundamental parameters
of the queueing model — arrival intensity (A), service rate
(1), and utilization (p) — across behavioral segments.
This figure helps explain why some segments generate
queues while others remain consistently stable. The re-
sults show a clear structural divergence. The Long Day-
time (AC) segment demonstrates the lowest service rate
due to long charging durations typical for workplace or
home-like AC sessions. Even though its arrival rate is
not the highest among the segments, the combination of
low and shared AC ports causes the utilization to ap-
proach 1 more quickly than in other segments. This high
utilization mathematically implies that the system oper-
ates near saturation, which explains the disproportion-
ately high waiting times observed earlier.

B ALk B mu rho
2.000

1.568

1.500

1.215
1.129

1.000

0.456
0.500

0.183 0.161 0.120.163

Planned Weekends Fast Commercial (DC) Long Daytime (AC)

0.000
Regular Urban

Segment

Figure 6. Comparative bar chart of 4, pu,

and p across segments
Source: compiled by the authors

Conversely, the Fast DC segment exhibits the
highest u by a wide margin: DC charging sessions are
short and have predictable turnover, which drastically
reduces p even when arrival rates are substantial. The
Regular Urban and Planned Weekend segments fall be-
tween these extremes. Both demonstrate moderate A and
relatively high g, resulting in utilization levels far below
the instability threshold. These results highlight that u is
the dominant driver of system stability: segments
with high service rates naturally suppress queue for-
mation, regardless of load intensity.

Figure 7 provides a deeper exploration of the non-
linear relationship between utilization (p) and average
waiting time (Wq). This scatterplot visualizes an essen-
tial theoretical property of M/M/c queues: waiting times
remain nearly zero until the system approaches high uti-
lization, after which increases sharply and nonlinearly.
Most data points — representing Regular Urban, Planned
Weekend, and Fast DC — cluster tightly around the bot-
tom-left region of the chart, where both p and remain
low. This demonstrates that, for the majority of seg-
ment-location combinations, the charging infrastructure
operates with substantial spare capacity and minimal
queueing.

The Long Daytime (AC) segment again diverges
from the general pattern. Its points form a distinctive up-
ward curve that reflects the classical «blow-up» behav-
ior of queueing systems as p approaches 1. Even small
increases in utilization produce disproportionately large
waiting times. This pattern is consistent with analytical
results and confirms that the instability observed at
some AC locations is not random but structurally inher-
ent to the combination of long sessions, synchronized
user behavior, and limited AC charging throughput. The
fact that no other segment displays this curve demon-
strates that DC infrastructure, due to its fast turnover,
effectively decouples high utilization from high delays.
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Dependence of Wq on utilization p (by segment)
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Fig. 7. Scatterplot p vs W,
Source: compiled by the authors

The nonlinear shape in Figure 4 empirically vali-
dates queueing theory predictions: only the Long Day-
time (AC) segment reaches utilization levels where wait-
ing time increases explosively, while all other segments
remain far from the instability region.

Figure 8 examines the distribution of average wait-
ing times (Wq) across segments, providing an intuitive
representation of both central tendency and variability.
Three segments — Regular Urban, Planned Weekend,
and Fast DC — again show extremely tight distributions
with medians at or close to zero. Their interquartile
ranges are minimal, and whiskers extend only slightly,
indicating that queueing is essentially absent across all
locations for these user groups. This stability aligns with
earlier findings: short charging durations (high ), pre-
dictable patterns, and sufficient connector capacity ab-
sorb variability in arrival patterns.

Distribution of Wq across behavioral segments

2.00 2
1.75
1.50
=
=3
ERFL
o
E
-
o
£ 100
©
H
g
g 075
] o
z
o
0.50
0.25 -
o y—_l_—|
0.00 —_— —_— g

Regular urban Planned weekend Fast daytime (DC)

Fig. 8. Boxplot of W, by segment
Source: compiled by the authors

Long daytime (AC)

In contrast, the boxplot for Long Daytime (AC) is
notably different. It presents a noticeably elevated me-
dian, a wider spread, and visible outliers that reach sig-
nificantly higher waiting times. This distribution reflects

substantial heterogeneity in user experience — some ses-
sions occur with no delay, while others face multi-hour
waiting times. Such variability arises because long AC
sessions magnify the effects of even moderate fluctua-
tions in arrival intensity. When multiple users arrive in
similar time windows, AC connectors quickly become
saturated, producing queueing bursts that manifest as
high-value outliers. The width of this distribution high-
lights that not only is this segment more likely to expe-
rience delays, but also that these delays are far less pre-
dictable.

Figure 9 illustrates how different behavioral seg-
ments contribute to the overall demand at each charging
location. The distribution is highly uneven: every loca-
tion exhibits its own behavioral profile, which directly
shapes its sensitivity to queue formation. Locations
where demand is dominated by Regular Urban and Fast
DC sessions remain stable because these segments are
characterized by high service rates and short charging
durations, which prevent utilization from approaching
critical levels.

I Regular Urban [l Planned Weekends

] Fast Commercial (DC) [l Long Daytime (AC)

Location

0.000 0.200 0.400 0.600

Fig. 9. Stacked bar chart of segment

load composition
Source: compiled by the authors

In contrast, Location 3 stands out due to a dispro-
portionately large share of Long Daytime (AC) demand.
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This segment, previously shown to have very low ser-
vice rates (n) and long, overlapping daytime sessions,
occupies AC ports for extended periods. As a result,
even moderate arrival intensity leads to high utilization
and queue buildup. The stacked bar makes this structural
imbalance visually explicit: congestion at this location
is not due to excessive overall traffic, but due to the
dominance of a slow-turnover behavioral segment.

Importantly, some other locations experience sim-
ilar or even higher total load but remain queue-free be-
cause their demand composition includes a larger share
of high-turnover DC sessions. This demonstrates that
queueing risk depends less on the total arrival rate (A)
and far more on the behavioral mix that determines ef-
fective service rate ()

To evaluate the robustness of the analytical M/M/c
results and verify whether the theoretical assumptions
adequately describe real operational behavior, a disc-
rete-event simulation was conducted for all segment-lo-
cation combinations. The simulation reproduced the
same arrival rates (L) and service rates (u) computed
from empirical charging data, while the number of serv-
ers (c) corresponded to the number of available connect-
ors of each type. The simulated system followed a clas-
sical event-driven architecture: arrivals were generated
according to a Poisson process, service times were sam-
pled from an exponential distribution using empirical
averages, and queue evolution was tracked over a large
time horizon to ensure statistical convergence. This pro-
cedure mirrors standard validation practices in queueing
theory and enables comparison between analytical pre-
dictions and dynamic system behavior under stochastic
variability.

The simulation yields results highly consistent with
the theoretical model. For the Regular Urban, Planned
Weekend, and Fast DC segments, simulated indicators
such as waiting probability (Pw), waiting time (Wq),
queue length (Lg), and total number of users in the sys-
tem (L) nearly coincide with their analytical values, typ-
ically differing by less than 1-3% (Figure 10). This close
alignment demonstrates that the exponential service-
time assumption is reasonably accurate for shorter, more
homogeneous charging sessions. It also confirms that
the infrastructure in these segments operates in a stable
region (well below 1), where analytical queueing formu-
las reliably approximate real-world behavior.

The Long Daytime (AC) segment presents a more
complex case. Here the simulation still generally agrees
with analytical predictions, but deviations become
larger (5-10%), particularly when utilization approaches
the instability threshold. Such discrepancies are ex-
pected: when p nears 1, even small stochastic fluctua-
tions in arrivals or service durations cause dispropor-
tionately large changes in waiting time, a well-known
effect in heavy-traffic queueing regimes. Importantly,
both simulation and theory identify the same structural
phenomenon: only the AC daytime segment produces

62

significant congestion, while all other segments remain
stable. The simulation therefore reinforces the core con-
clusion of the analytical model — the queueing delays
observed in the system are not artifacts of mathematical
assumptions, but genuine operational risks arising from
behavioral charging patterns.

Erlang-C vs Simulation

B Erlang-C
4 Simulation

Pwait Lg

Fig. 10. Comparison of theoretical

vs simulated indicators
Source: compiled by the authors

wg w L

Overall, the simulation validates the applicability
of the M/M/c framework to EV charging infrastructure
and strengthens the empirical credibility of the analyti-
cal findings. It confirms that theoretical predictions of-
fer a reliable approximation of real-world performan-
ce under typical conditions, while also accurately cap-
turing the nonlinear growth of delays in segments with
low service rates and synchronized user behavior

Conclusions. This study demonstrates that the op-
erational performance of EV charging infrastructure is
strongly shaped by behavioral heterogeneity among us-
ers and cannot be fully understood through technical pa-
rameters alone. By integrating empirical charging data
with an M/M/c queueing framework, the analysis re-
veals that most behavioral segments — particularly Reg-
ular Urban, Planned Weekend, and Fast DC — operate in
a stable regime characterized by low utilization, mini-
mal waiting times, and predictable performance. These
segments benefit from short charging durations and high
service rates, which allow the system to absorb variabil-
ity in arrival patterns without creating congestion.

In contrast, the Long Daytime (AC) behavioral
segment exhibits fundamentally different dynamics. Its
long, overlapping daytime charging sessions produce
low service rates and higher utilization, which collec-
tively push specific locations toward the saturation
threshold where waiting times increase nonlinearly.
Heatmaps, scatterplots, and distributional analyses con-
sistently show that queueing delays in the network are
not widespread but concentrated in a structurally distinct
subset of the system. The simulation results further val-
idate these findings, confirming that the analytical pre-
dictions remain accurate under stochastic variability and
that observed instabilities are inherent to user behavior
rather than artifacts of the model.

Overall, the results highlight the importance of in-
corporating behavioral segmentation into the planning
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and management of EV charging networks. Infrastruc-
ture bottlenecks arise not from overall demand volume,
but from the behavioral composition of that demand —
particularly the prevalence of long AC charging sessions
at specific locations. These insights suggest that targeted
interventions, such as redistributing AC capacity, intro-

charging policies, may be more effective than uniform
infrastructure expansion. By linking behavioral patterns
with queueing performance, this study provides a foun-
dation for more efficient, user-centered planning of EV
charging systems and offers a methodological frame-
work that can be extended to other mobility contexts.

ducing time-of-use pricing, or redefining workplace
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Mazhara G., Parkhomuk A. Modeling user charging behavior in EV networks using M/M/n queueing systems

EV charging networks face congestion due to behavior-driven demand. Using k-means segmentation of real sessions, an M/M/n
multi-server queueing model, and discrete-event simulation, the study shows that three user segments remain stable with near-zero
waiting times, while long daytime AC sessions drive utilization to 0.88-0.94 and increase expected waiting to 70-120 minutes. The
results indicate that managing the behavioral mix of demand is more effective than uniform capacity expansion. across charging
locations.

Keywords: electric vehicle charging, queueing system, congestion, behavioral segmentation, k-means, discrete-event simulation.

Ma:xkapa I'. A., [lapxomyk A. 1. Moje/nloBaHHS NOBEAIHKU KOPUCTYBaYiB MiJl yac 3apsiiKaHHS eJ1eKTPOMOOLIiB Ha 0CHOBI
M/M/n-cucrem

[IBHaKe 3pOCTaHHS EIEKTPOMOOLITEHOCTI MOCHIIIOE HEPIBHOMIPHICTH Ta MOBEAIHKOBO 3yMOBIICHHUIT XapaKkTep MOMHUTY Ha 3apsi-
JDKaHHS, 1[0 CTBOPIOE OTEpalliiiHy HEeCTaOIIbHICTb, SIKY HEMOKJIMBO TOSICHUTH JIMIIE TEXHIYHUMH NTapamMeTpaMu o0nagHaHHA. MeToro
JIOCITIJPKEHHS € OLIHIOBAHHS TOTO, SIK Pi3HI MOBEAIHKOBI IPYITH KOPUCTYBAUiB BILTMBAIOTH Ha €(DEKTHBHICTh POOOTH 3apsAHUX CTAHIIIN
3a YMOBH iX IOJIaHHS SIK OaraToKaHaJbHUX CUCTEM MacOBOT'O 0OCIYroByBaHH:S. MeTOMOJIOTIS MOEIHY€E CETMEHTAII0 PeaTbHUX Cecii
3apsKaHHS 3 BUKOPUCTAHHIM KiacTepu3allii k-means 3 aHaIITHYHUM MOZETIOBaHHAM M/M/n Ta AMCKPETHO-TIOAI€EBUM MOJICITIOBAH-
HAM. Pe3ynbTatu mokasyroTh, IO TPH IPYIH 3 KOPOTKMMHU ab0 MOMIPHUMH TPUBAJIOCTSIMU CECili MPAIIOIOTH y CTA0IIBHOMY PEXUMI:
3aBAHTAKCHHS 3aJIUIIAETHCS HU3BKKM, a 4aC O4iKyBaHHs IPAKTUYHO JOPIiBHIOE HyJII0. HaTOMICTh CErMEHT TPUBAIUX ACHHHUX CECili Ha
3apsTHAX MPUCTPOSIX 3MIHHOTO CTPyMy (OpMY€ CHCTEMaTHYHI Yepry B Pi3HUX JIOKALSX: TOJI0BXKEHA TPUBAIICTh 00CIYyrOByBaHHS Ta
CHHXPOHI30BaHi JICHHI MPHOYTTsI MiABUIIYIOTh 3aBaHTaxeHHs 3 0,62—0,74 1o 0,88—0,94 i CIpUUUHSIOTH HETIHIWHE 3POCTAHHS OYiKY-
BAHOTO 4acy B 4ep3i 70 70—120 XBuuH y pexumax HaONMKeHHs 10 HACHUYCHHs. Pe3ynbTaT cCUMYIIALIT MiATBEPKYIOTh aHATITHYHI
OLIHKY (BiIAXMIICHHS MeHIIe 5% y cTabinbHUX PeXXnMax) i IeMOHCTPYIOTh, IO (pOpMyBaHHS 4epT BU3HAYAETHCS MOBEAIHKOBHMH T1a-
TEpHAMH, a HE 3arallbHIM 00CATOM MonuTy. [IpakTHYHA MiHHICTE MOJISATae B OOTPYHTYBaHHI YIPABIiHCHKUX IHCTPYMEHTIB, sIKi 3MiHIO-
I0Th TTOBEIIHKOBUH CKJIaj IOMUTY Ta IepEeHANpPaBIsIOTh OBUTbHE 3aps/UKaHHs, [0 MOXke OyTH epeKTHBHIMMM 32 MeXaHIuyHe Hapo-
yBaHHs (Gi3n4HOT MOTYXKHOCTI iHGpacTpykTypu. HaykoBa HOBH3HA TOCIHIIKEHHS MOJISIrae y MPsSIMOMY BiIoOpaskeHHI eMITipUYHO BH-
IUIEHUX TOBEIIHKOBUX CETMEHTIB y IMapaMeTpax CHCTEMH MacOBOTO OOCIYrOBYBaHHs (IHTEHCHBHICTh HAaJIXOJKEHb, IHTCHCHUBHICTh
00cITyroByBaHHS Ta KOe(illi€HT 3aBaHTaXXEHHsI), [0 JO3BOJIIE iIeHTH(]IKyBaTH JKepeia epeBaHTaXeHHS Ta (JOPMYBATH IIITLOBI Pi-
LIEHHS JUIS OIIepaTopiB 3apsaHol iIHPPACTPyKTypH i OpraHiB yIpaBIiHHSI MiCEKOIO MOOUIBHICTIO.

Knrouosi crosa: 3apsimpkanss eleKTpoMoOiiiB, yepru, GaraTrokaHaibHi CHCTEMH, CEMMEHTALlis TIOBEAIHKH, K-means, TUCKpeTHO-
TIO/1i€BE MOJICITIOBAHHSL.
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