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ABSTRACT Pedestrian crossings are critical locations in urban traffic networks where frequent deceleration
and acceleration strongly influence vehicle energy consumption. The increasing presence of autonomous
vehicles creates new opportunities to optimize vehicle approach behavior in such environments; how-
ever, the combined effects of automation level and vehicle propulsion technology remain insufficiently
explored. This study presents a microsimulation-based framework developed in Vissim traffic simulation
software to evaluate energy consumption at unsignalized pedestrian crossings under mixed traffic conditions,
considering both internal combustion engine and electric vehicles. The framework integrates pedestrian
movement, vehicle dynamics, and a pedestrian-aware speed-adaptation logic implemented via an external
scripting interface. Human-driven vehicles are represented using multiple driving behavior profiles, while
autonomous vehicles dynamically adjust their speed based on pedestrian position and detection range.
Energy consumption is calculated using physics-based formulations, enabling a consistent comparison
across propulsion types. A comprehensive set of scenarios was analyzed by varying autonomous vehicle
penetration rates and pedestrian detection capabilities. Results indicate that increasing automation reduces
energy consumption by approximately 3–7% at low to medium penetration levels and by about 12% under
fully autonomous traffic conditions. These improvements are primarily driven by smoother speed adaptation
and reduced abrupt deceleration, while statistical analysis confirms that autonomous vehicle penetration is
the dominant influencing factor. Similar relative reductions are observed for both propulsion types, with
differences remaining within approximately one percentage point across the analyzed scenarios. Overall, the
findings demonstrate that pedestrian-aware autonomous driving can significantly improve energy efficiency
at pedestrian crossings.

INDEX TERMS Autonomous vehicles, pedestrian-aware speed adaptation, electric vehicles, energy con-
sumption, mixed traffic, pedestrian crossing, microsimulation.

I. INTRODUCTION
Road transport is a major contributor to greenhouse gas
(GHG) emissions in the European Union, accounting for
73.2% of transport-related emissions and 28.9% of total GHG
emissions in 2022 [1]. Transport has also been the only sector
in which emissions increased over the past three decades,
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rising by 33%. Despite stricter emission standards and grow-
ing adoption of electric vehicles, overall transport-related
emissions have not declined and are projected to increase fur-
ther as traffic demand grows. According to the EU Reference
Scenario, passenger transport demand is expected to grow
by 40% and freight by nearly 60% between 2010 and 2050
[2], [3]. These trends pose significant challenges to decar-
bonization objectives and highlight the need for additional
mitigation strategies beyond vehicle electrification alone.
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Autonomous vehicles (AVs) offer opportunities to mitigate
environmental impacts by enabling smoother traffic flow,
reducing unnecessary acceleration and braking, and improv-
ing operational efficiency. Although the development of
AVs is increasingly associated with electric propulsion sys-
tems, both internal combustion engine vehicles and electric
vehicles are expected to coexist in traffic systems during
a prolonged transition period, particularly in mixed traf-
fic environments. Consequently, understanding the energy
implications of AV behavior across different propulsion tech-
nologies remains an important research challenge. Previous
studies suggest that high levels of automation could sub-
stantially reduce system-level GHG emissions; for example,
Patella et al. [4] estimated reductions of up to 60% under full
automation scenarios. Beyond environmental benefits, AVs
are expected to enhance road safety [5], [6], [7], improve traf-
fic efficiency [8], [9], and reshape urban spaces by reducing
parking demand [10]. However, the overall impact of AVs
remains uncertain, particularly in mixed traffic conditions,
where AVs and human-driven vehicles (HDVs) interact.

While numerous studies have examined AV-human inter-
actions and fuel consumption in mixed traffic environments
[11], [12], limited attention has been given to unsignalized
pedestrian crossings. At these locations, frequent decel-
eration and acceleration events strongly influence vehicle
energy consumption. Existing research has focused primarily
on highways [13], platooning scenarios [14], or signalized
intersections [15], [16], leaving a gap in understanding
AV behavior in pedestrian-dominated urban environments.
Moreover, speed-adaptation strategies that explicitly con-
sider pedestrian movement and their implications for vehicle
energy use and emissions remain insufficiently explored.
Beyond urban traffic, pedestrian trajectory prediction and
movement modeling have also been investigated in other
shared environments, such as public buildings [17], [18].
This study addresses these gaps by developing a micro-

scopic simulation framework that dynamically links pedes-
trian movement with AV speed-control logic and evaluates
energy consumption under mixed traffic scenarios. The
framework integrates pedestrian dynamics and vehicle kine-
matics using Vissim traffic simulation software, comple-
mented by an external Python-based algorithm, allowing the
comparative analysis of internal combustion engine vehicles
and electric vehicles under identical traffic control conditions.

The remainder of this paper is organized as follows.
Section II reviews related work, Section III describes the
proposed methodology, Section IV outlines the simulation
scenarios, Section V presents and discusses the results,
and Section VI concludes the paper with key findings and
directions for future research.

II. LITERATURE REVIEW
This section reviews relevant literature on AVs with a focus
on energy and emission impacts in mixed traffic, pedestrian–
vehicle interactions, and propulsion-related energymodeling.

The reviewed studies provide the context for the proposed
simulation framework and highlight the remaining research
gaps addressed in this paper.

A. ENERGY CONSUMPTION IN MIXED TRAFFIC
Previous studies have extensively examined the impacts of
AVs on traffic flow efficiency, fuel consumption, and emis-
sions in mixed traffic environments. Many studies report
that automation can smooth traffic flow by reducing unnec-
essary acceleration and braking, thereby improving energy
efficiency. Eco-driving strategies and optimized longitudinal
control have been shown to reduce fuel consumption by
approximately 10–20% in mixed traffic scenarios [9], [19].
Similar benefits have been reported when adaptive cruise
control and cooperative driving strategies are introduced,
particularly at higher penetration rates of autonomous or
connected vehicles [12], [20].

Several studies emphasize that the magnitude—and in
some cases even the direction—of energy and emission
impacts strongly depends on traffic composition and control
strategy. While low penetration rates of AVs may stabilize
traffic flow, conservative autonomous driving behavior can
lead to increased fuel consumption under certain conditions
[21], [22]. In contrast, higher penetration levels, especially
when combined with connectivity or cooperative control,
have been associated with notable reductions in fuel con-
sumption and emissions [23], [24]. These findings indicate
that the energy impacts of AVs cannot be generalized without
considering interaction dynamics with HDVs and the specific
autonomous driving logic applied.

Research has also examined the energy impacts of AVs
in specific traffic contexts, such as highways, intersections,
and platooning scenarios. Studies focusing on highway envi-
ronments and vehicle platoons have reported fuel savings
ranging from approximately 5% to over 20%, depending
on control strategy and traffic conditions [25]. At signal-
ized intersections, trajectory optimization and autonomous
eco-driving strategies have demonstrated even larger reduc-
tions in fuel consumption and emissions [15], [26]. How-
ever, these traffic environments differ fundamentally from
pedestrian-influenced urban road segments, where frequent
speed adjustments are driven by interactions with vulnerable
road users rather than traffic control devices.

To provide an overview of existing approaches, Table 1
summarizes representative studies investigating energy con-
sumption and emission impacts of AV-related control strate-
gies across different traffic contexts. The table highlights
the diversity of methodologies, traffic environments, and
reported energy benefits, and serves as a reference point for
positioning the focus of this study.

B. PEDESTRIAN-AWARE SPEED CONTROL
Pedestrian crossings introduce complex interaction dynamics
that strongly influence vehicle speed profiles and energy
use, particularly in urban environments. For AVs, pedestrian
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TABLE 1. Overview of energy and emission impacts of autonomous vehicle control strategies.

presence requires adaptive speed control strategies that bal-
ance safety and traffic efficiency. As a result, numerous
studies have investigated pedestrian–vehicle interactions in
the context of autonomous driving, primarily focusing on
perception, decision-making, and motion planning.

Existing research has addressed pedestrian detection,
intent prediction, and collision avoidance strategies to ensure
safe AV operation near crossings [39], [40], [41]. More recent
work has explored predictive and learning-based approaches,
including trajectory optimization and deep reinforcement
learning, to enable anticipatory speed adaptation based on
pedestrian movement [42], [43], [44].
While these studies improve safety and traffic perfor-

mance, energy and emission impacts are rarely evalu-
ated explicitly. Moreover, most analyses focus on isolated
AV behavior and neglect mixed traffic interactions with
pedestrians and HDVs. As a result, the energy implica-
tions of pedestrian-aware speed adaptation remain largely
unexplored.

C. COMPARATIVE ANALYSIS OF AUTONOMOUS VEHICLE
CONTROL STRATEGIES
Beyond individual vehicle maneuvers, the effectiveness
of AV energy-saving logic depends on the broader con-
trol paradigm and its interaction with the environment.

While established strategies, such as signal-phase-based eco-
driving, rely on real-time Signal Phase and Timing (SPaT)
data from smart infrastructure to minimize idling at intersec-
tions [45], our approach is fully decentralized and operates
solely on on-board sensor data.

Recent studies emphasize that in complex, unsignal-
ized urban scenarios, decentralized behavioral adaptation
is vital for efficiency [46], [48]. For instance, intent-
based trajectory planning can ensure safety in shared
spaces [47], while trust-aware advisory systems can optimize
the energy use of platoons through collective perception [14].
However, many of these solutions require V2X communica-
tion or coordinated fleet data. Our proposed pedestrian-aware
strategy distinguishes itself by focusing on autonomous
perception-reaction cycles at pedestrian crossings, enabling
a stand-alone deployment in urban environments where V2X
infrastructure is currently absent. Table 2 provides a func-
tional benchmark of our method against these dominant AV
control paradigms.

D. ENERGY IMPACTS OF VEHICLE PROPULSION
Vehicle propulsion technology fundamentally influences
how traffic dynamics translate into energy consumption
and emissions. Existing studies indicate that smoother
speed profiles and reduced stop-and-go behavior—achieved
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TABLE 2. Comparison of AV control strategies.

through eco-driving, car-following optimization, or cooper-
ative control—can yield measurable energy savings under
diverse traffic conditions [12], [15], [20].
With the increasing adoption of electric vehicles, recent

studies emphasize that electrification fundamentally alters
the relationship between traffic dynamics and energy use.
Higher drivetrain efficiency, negligible idling losses, and
regenerative braking lead to different energy responses
to speed fluctuations compared to fuel-based vehicles.
Simulation-based investigations report that speed-oriented
control strategies can reduce electric energy consumption in
urban traffic, although the magnitude of the benefit depends
strongly on traffic conditions and modeling assumptions
[28], [33].
Much of the recent autonomous driving literature implic-

itly assumes electric propulsion, reflecting current devel-
opment trends. However, since internal combustion engine
vehicles still dominate today’s vehicle fleet, there is a clear
need to evaluate identical autonomous speed-control logic for
both propulsion types in order to make comparable results.

III. METHODOLOGY
A. SIMULATION ENVIRONMENT AND NETWORK
CONFIGURATION
A microscopic traffic simulation model was developed using
PTV Vissim (version 2024.0.13). Vissim was selected for
its ability to model detailed pedestrian–vehicle interactions
in urban environments and to support real-time external
control of vehicles via the COM interface. AV behavior
was controlled by an external Python script, enabling the
implementation of a custom speed adaptation logic during
the simulation. The simulation time step was set to 0.2 s,
providing sufficient temporal resolution for modeling speed
adjustments near pedestrian crossings.

The modeled network represents an unsignalized pedes-
trian crossing on an urban road segment with one lane per
direction. The geometry was based on a real pedestrian cross-
ing located at Szőlő Street 80, Budapest, Hungary. While
the physical layout reflects this location, the simulation was
not calibrated to reproduce site-specific traffic conditions,

and no real-world traffic flow data were used for calibration.
Representative synthetic traffic and pedestrian volumes were
applied to create a controlled environment (ceteris paribus).
This approach isolates the energy-impact mechanisms of
the AV logic from local demand fluctuations, ensuring that
the findings are generalizable to similar urban crossing
geometries. The simulation model relies on the Wiedemann
74 car-following model and standard Vissim urban driving
parameters, ensuring realistic vehicle interactions without
site-specific calibration. Fig. 1 illustrates the modeled road
segment and the pedestrian crossing layout.

Each approach to the pedestrian crossing included a 155 m
upstream segment to allow AVs to apply detection and speed
adaptation logic before reaching the crossing. Downstream
of the crossing, an additional 80 m segment was modeled to
capture post-crossing acceleration behavior. This configura-
tion ensured that both deceleration and recovery phases were
fully represented within the entire simulation horizon.

FIGURE 1. Layout of the modeled simulation network at the unsignalized
pedestrian crossing.

B. AUTONOMOUS VEHICLE SPEED CONTROL LOGIC
AV behavior at the unsignalized pedestrian crossing was con-
trolled by a rule-based speed-adaptation logic implemented
in an external Python script and executed through Vissim’s
COM interface (the source code is available in the data repos-
itory [49]). The purpose of the external script was to enable
pedestrian-aware speed adaptation by processing real-time
simulation data and issuing speed commands at each sim-
ulation timestep. As illustrated in Fig. 2, the control logic
operates as part of a broader simulation framework in which
vehicle and pedestrian data are exchanged between Vissim,
the external control module, and the energy and emission
calculation components.

At each simulation timestep, the Python script executed a
sequence of operations summarized in Fig. 3.
In Step 1, pedestrian-related data were retrieved, including

walking direction, walking speed, and remaining distance to
the crossing. In Step 2, vehicle-related data were obtained
for the approaching AV, including vehicle type, speed, lane,
and distance to the crossing. These inputs provided the basis
for evaluating potential pedestrian–vehicle interactions in the
vicinity of the crossing.
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In Step 3, the presence of pedestrians within a predefined
10 m detection area around the crossing was evaluated. If no
pedestrian was detected within this area, the AV maintained
its desired approach speed (Step 4). Pedestrian detection was
applied exclusively to AVs. HDVs were not equipped with
pedestrian awareness or adaptive speed control.

If a pedestrian was detected, the control logic proceeded
with conflict assessment. In Step 5, pedestrian crossing times
were estimated by computing the time required to reach
the crossing, the midpoint, and to fully clear the crossing.
The midpoint was included to capture direction-dependent
yielding behavior. For pedestrians approaching from the near
side, the AV logic allowed the vehicle to proceed once the
pedestrian has reached the road centerline, as the vehicle
could safely pass behind them. To ensure safety, a 0.5 second
safety buffer was added behind the pedestrian before the AV
reached the crossing. For pedestrians approaching from the
far side, the AV yielded until the pedestrian had fully cleared
the crossing. In Step 6, the applicable vehicle detection
distance—50, 60, 70, or 80 m upstream of the crossing—was
selected based on the predefined AV sensing configuration.
These distances served as simplified proxies for different
levels of AV sensing capability. While real-world sensors are

influenced by stochastic environmental factors, this approach
ensures comparable conditions across scenarios. This allows
the isolation of how sensing range influences speed adap-
tation and energy consumption. In Step 7, the remaining
distance of the approaching AV to the pedestrian crossing was
calculated, followed by computation of the corresponding
vehicle arrival time in Step 8.

In Step 9, pedestrian and vehicle arrival times were com-
pared to determine whether a potential conflict existed at
the crossing. If a conflict was identified, Step 10 deter-
mined the critical pedestrian crossing time based on the
applicable yielding rule, and in Step 11, the optimal AV
speed was calculated to ensure safe and comfortable yield-
ing behavior. Once the pedestrian had reached the relevant
clearance point—either the midpoint or the far-side curb,
depending on crossing direction—the AV resumed accelera-
tion toward its desired speed, subject to vehicle performance
limits.

This decision-making sequence—covering pedestrian
detection, time-to-crossing estimation, conflict assessment,
and speed adjustment—was executed repeatedly at each
simulation timestep to ensure continuous responsiveness to
pedestrian movements.

FIGURE 2. Structural and operational framework of the Vissim –Python-External-Emission Model (EEM) based simulation model.
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C. ENERGY CONSUMPTION AND EMISSION MODELING
Energy consumption and emission impacts were evaluated
using Vissim’s External EmissionModel (EEM), which com-
putes vehicle energy use based on instantaneous vehicle
dynamics generated by the microscopic traffic simulation.
The emission model operates independently of the traffic
control logic and relies on vehicle trajectories—specifically
speed and acceleration profiles—produced by the simulation.
This separation ensures that differences in energy outcomes
originate from traffic behavior and propulsion characteristics
rather than from changes in the control logic itself.

1) EXTERNAL EMISSION MODEL FRAMEWORK
Within the EEM, energy demand is computed using user-
defined, vehicle-dynamics-based formulations. We imple-
mented the total tractive force (Ft) required at the wheels at
each simulation timestep, which was obtained as the sum of

resistive forces and inertial effects, and is expressed as:

Ft = Fr + Fd + Fa (1)

where Fr denotes rolling resistance, Fd the aerodynamic drag,
and Fa the inertial force associated with vehicle acceleration.
The rolling resistance force is calculated as:

Fr = cr · m · g (2)

where cr is the rolling resistance coefficient, m the vehicle
mass, and g the gravitational acceleration.

Aerodynamic drag is expressed as:

Fd= 1/2·ρ · cd ·A · v2 (3)

where ρ is air density, cd the aerodynamic drag coefficient,
A the vehicle frontal area, and v the vehicle speed.

FIGURE 3. Timestep-based pedestrian-aware speed control logic for autonomous vehicles.
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The inertial force associated with longitudinal acceleration
is given by:

Fi = m · a (4)

where a denotes the longitudinal acceleration of the vehicle.
Based on the total tractive force, the instantaneous tractive

power demand Pt is computed as:

Pt = Ft · v (5)

The resulting power demand values are evaluated at each
simulation timestep and passed to the propulsion-specific
energy calculation described in Sections III-C.2 and III-C.3.

2) INTERNAL COMBUSTION ENGINE VEHICLES
For ICE vehicles, the instantaneous fuel consumption rate is
derived from the tractive power demand and engine efficiency
characteristics. Fuel consumption ḟ is calculated as:

ḟ =
Pt

ηICE · Hf
(6)

where ηICE is the overall drivetrain efficiency and Hf is the
lower heating value of the fuel.

The total fuel consumption is obtained by integrating the
instantaneous fuel flow over the 1-hour simulation horizon.
To allow comparison across scenarios with different traffic
realizations, aggregated fuel use is normalized and reported
in liters per 100 km.

3) ELECTRIC VEHICLES
Electric vehicles (EVs) were modeled in EEM using the
same trajectory-based framework, with propulsion-specific
energy conversion applied within the emission model. The
instantaneous electrical power demand Pe is calculated as:

Pe =
Pt

ηEV
(7)

where Pt denotes the tractive power demand and ηEV repre-
sents the electric drivetrain efficiency.

During deceleration phases, negative tractive power val-
ues correspond to braking events. The regenerated electrical
power (Pregen) through regenerative braking is computed as:

Pregen = ηregen · |Pt | for Pt < 0 (8)

where ηregen signs the regenerative braking efficiency. Neg-
ative tractive power values corresponding to braking are
interpreted as regenerated electrical energy and are deducted
from net electrical energy consumption.

The total electrical energy consumption (EEV) is obtained
by integrating the net electrical power over the simulation
timeframe:

EEV =

∫ (
Pe − Pregen

)
dt (9)

Aggregated electrical energy consumption values were nor-
malized and reported in kilowatt-hours per 100 km to enable
comparison across different traffic scenarios. As the same

speed-control logic and vehicle trajectories were applied to all
vehicle types, differences in electric vehicle energy consump-
tion arise solely from propulsion characteristics and traffic
dynamics.

IV. SIMULATION PARAMETERS AND SCENARIOS
This section describes the simulation setup and scenario
design applied in the study. The objective of this section
is to provide a transparent and reproducible overview of
the applied vehicle-related parameters, traffic and scenario
configurations, and propulsion-specific assumptions, thereby
enabling a consistent interpretation of the energy con-
sumption and emission results presented in the subsequent
sections.

A. VEHICLE-RELATED PARAMETERS AND SPEED
ASSUMPTIONS
The vehicle-related control and behavior parameters applied
in the simulation, including speed assumptions, braking char-
acteristics, and pedestrian detection capabilities for HDVs
andAVs are summarized in Table 3. To represent variability in
human driving behavior, three HDV driving styles (cautious,
normal, and aggressive) were defined based on their deceler-
ation characteristics. These driving profiles were applied only
in fully human-driven baseline scenarios, while mixed-traffic
scenarios used a single representative (normal) driving style
to isolate the effects of AV penetration.

TABLE 3. Vehicle-related parameters and control assumptions.

Two speed-setting cases were applied exclusively to
HDVs. In Case 1, HDVs followed Vissim’s default speed
distribution between 48 and 58 km/h, In Case 2, HDVs were
constrained to a fixed speed of 50 km/h. AVs, however, oper-
ated with a fixed speed of 50 km/h in both cases. Their speed
could only be modified dynamically by the pedestrian- aware
control logic. The second case was introduced to isolate the
effects of pedestrian-aware speed adaptation from differences
caused solely by human speeding behavior. To ensure compa-
rability across the simulated AV penetration levels, the speed
distribution of HDVswas kept consistent regardless of the AV
traffic share.

In addition to speed setting assumptions, pedestrian detec-
tion capability was considered as a key characteristic of AV
operation near the pedestrian crossing. Based on reported
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pedestrian detection ranges and sensing system capabilities
in the literature [50], [51], [52], AV detection distances were
parameterized at 50, 60, 70, and 80 m.

B. SIMULATION ENVIRONMENT AND STOCHASTIC
DESIGN
All scenarios were simulated using the same unsignal-
ized pedestrian crossing geometry described in Section III.
Traffic demand and pedestrian flow were kept constant
across all simulations to ensure comparability between sce-
narios. Vehicle traffic volume was set to 200 vehicles per
hour per direction, while pedestrian demand was fixed at
200 pedestrians per hour per direction.

Pedestrian walking speeds were fixed to provide a con-
trolled environment for isolating the impact of AV penetration
and sensing range on energy consumption. Male pedestrians
were assigned a walking speed of 4.7 km/h, while female
pedestrians walked at 4.0 km/h. The simulation duration was
set to one hour, with a simulation timestep of 0.2 seconds.

To account for stochastic variability in traffic interactions,
each simulation scenario was executed five times using dif-
ferent random seeds (7, 12, 21, 30, and 42). Reported results
represent average values across these independent simulation
runs.

Themain simulation-related parameters are summarized in
Table 4.

TABLE 4. Simulation-related parameters.

C. PROPULSION MODELING AND EMISSION
CONVERSION
Each simulation scenario was evaluated using ICE and elec-
tric propulsion models, while traffic dynamics and vehicle
control logic were kept identical. This approach allowed
the isolation of propulsion-related effects from traffic- and
behavior-related influences.

Each traffic scenario was simulated separately using ICE
and EV propulsion models. No mixed ICE–EV fleet was
applied; the entire vehicle population was modeled as either
100% ICE or 100% EV, while HDV/AV ratios remained
identical across propulsion types.

Vehicle mass was specified at the vehicle-class level. ICE
vehicles were assigned a mass range of 1200–1800 kg,
while EVs were assigned a higher range of 1400–2400 kg,
reflecting typical differences between the two powertrain
technologies.

ICE vehicles were modeled with a drivetrain efficiency of
0.25 and a fuel heating value of 33.7 MJ/L [53]. EVs were
assigned a drivetrain efficiency of 0.85 and a regenerative
braking efficiency of 0.65 [54], [55], [56], [57], [58], [59].
Regenerative braking was limited to 50 kW and disabled
at vehicle speeds below 2.0 m/s [59], [60]. Aerodynamic
and rolling resistance parameters were identical for both
propulsion types.

Emission impacts were evaluated exclusively for gasoline-
powered ICE vehicles using a fuel-based emission factor
approach, as EVs have no tailpipe emissions during vehi-
cle operation. Fuel consumption values obtained from the
simulation were converted from liters to kilograms using a
conversion factor of 0.74 kg/L [61]. Pollutant emissions were
then calculated by multiplying the consumed fuel mass by
constant emission factors for CO, CO2, NOx, PM, and sul-
phur, following the EEA emission inventory guidelines [62].
As emission calculations were directly proportional to fuel
consumption, relative emission changes across scenarios
followed the same trends as fuel consumption results.

The key energy and emission model (EEM) parameters
were selected to be representative for current vehicle tech-
nologies, ensuring that all values fall within the ranges
identified in the existing literature. These EEM parameters,
along with their respective references are summarized in
Table 5.While absolute energy results are sensitive to specific
powertrain calibrations, using fixed parameters ensures a
consistent baseline for a controlled comparison of AV-related
impacts.

TABLE 5. Powertrain-related parameters for ICE and EV vehicles.

D. SCENARIO MATRIX
The simulation scenarios were designed to systematically
examine the effects of traffic composition, AV penetration,
and pedestrian detection capability on energy consumption
and emissions near an unsignalized pedestrian crossing.
A total of nineteen scenarios were defined by combining
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different proportions of HDVs and AVs with multiple AV
detection ranges.

AV penetration levels of 0%, 25%, 50%, 75%, and 100%
were investigated. Fully HDV-based scenarios included cau-
tious, normal, and aggressive driving behaviors. In mixed
traffic scenarios, AVs were combined exclusively with nor-
mal HDVs in order to limit scenario dimensionality and
isolate the effects of automation and sensing capability.

The complete set of simulated scenarios is summarized in
Table 6.

TABLE 6. Scenario matrix of simulated traffic compositions and sensing
configurations.

In total, the experimental design consisted of 19 traffic
composition scenarios, 2 propulsion types (ICE and EV),
2 speed-setting cases, and 5 stochastic realizations per con-
figuration. This resulted in 380 independent simulation runs
(19 × 2 × 2 × 5), ensuring statistical robustness of the
reported results.

V. RESULTS
This section presents the simulation results obtained for
the different traffic compositions and sensing configurations
described in Section IV. Overall, the results show that energy
impacts at pedestrian crossings are primarily governed by
vehicle behavior rather than propulsion technology or speed
compliance. Results are reported as averages over five inde-
pendent simulation runs with different random seeds. Unless
stated otherwise, all relative changes in energy consumption
and emissions are evaluated with respect to the baseline
scenario representing 100% human-driven traffic operating
under the default speed distribution (48–58 km/h). The fol-
lowing subsections first examine the system-level impact of
autonomous vehicle penetration, followed by sensitivity anal-
yses addressing sensing capability, speed compliance, and
propulsion type.

A. EFFECT OF AV TRAFFIC PENETRATION ON ENERGY
CONSUMPTION
Fig. 4 illustrates the impact of increasing AV penetration
on system-level energy consumption near the unsignalized
pedestrian crossing. Values represent the mean relative fuel
consumption change across five stochastic simulation runs,
with error bars indicating 95% confidence intervals. Results
are shown for a fixed pedestrian detection range of 80 m,

FIGURE 4. Fuel consumption change relative to HDV baseline
(48-58 km/h) as a function of AV traffic penetration with 80 m detection
range.

representing the upper bound of the considered AV sensing
capabilities.

Results show a monotonic reduction in fuel consumption
as AV traffic penetration increases. Even at moderate pene-
tration levels (25–50% AVs), noticeable energy savings are
observed relative to the HDV baseline. The largest reduction
(12.13%) occurs under fully autonomous traffic condi-
tions, indicating that system-level energy efficiency improves
progressively during the transition from human-driven to
autonomous traffic.

B. EFFECT OF PEDESTRIAN DETECTION RANGE ON
ENERGY CONSUMPTION
Beyond traffic penetration, the effect of sensing capability on
energy consumption was also measured. As shown in Fig. 5,
longer detection ranges consistently yield lower energy use.
This pattern is observed for all considered AV penetration
levels.

FIGURE 5. Fuel consumption change relative to the HDV baseline as a
function of pedestrian detection range for different levels of AV traffic
penetration.
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C. INTERNAL COMBUSTION ENGINE AND ELECTRIC
VEHICLE CONSUMPTION COMPARISON
To assess the robustness of the observed trends across dif-
ferent powertrain technologies, energy consumption changes
were evaluated separately for internal combustion engine and
electric vehicle models.

Fig. 6 compares the relative energy consumption changes
of ICE and EV powertrains as a function of AV traffic
penetration. For both propulsion types, increasing AV pen-
etration leads to progressively larger reductions in energy
consumption relative to their respective HDV baselines.
The magnitude of the reduction is comparable for ICE and
EV cases across all penetration levels, indicating that the
energy efficiency benefits of autonomous driving are largely
independent of the underlying powertrain.

FIGURE 6. Relative energy consumption change for ICE and EV
powertrains with different AV traffic penetration levels.

D. EFFECT OF SPEED COMPLIANCE ON ENERGY
CONSUMPTION
To isolate the effect of speed compliance from autonomous
control behavior, additional simulations were conducted in
which HDVs strictly adhered to the 50 km/h speed limit.

Fig. 7 shows energy consumption changes under strict
speed compliance for HDVs with those observed for
autonomous driving. Enforcing a fixed speed limit for human-
driven vehicles reduces energy consumption relative to the
baseline case with speed variability; however, these reduc-
tions remain smaller than those achieved under autonomous
control. Across all detection ranges, autonomous driving
consistently yields larger energy savings, indicating that the
observed benefits cannot be attributed solely to speed limit
compliance.

E. TRAFFIC OPERATION AND SAFETY ANALYSIS
Beyond energy savings, the impact of the proposed
speed-adaptation logic on traffic flow and safety was eval-
uated. The physical mechanism of the intervention is illus-
trated by the speed trajectories of a representative vehicle
(Fig. 8). While HDVs (normal and aggressive driving style)
maintain their desired speed until late in the approach, they
are forced to perform abrupt deceleration as they approach the
pedestrian crossing (located at the 155 m mark). In contrast,

FIGURE 7. Fuel consumption change relative to the HDV baseline as a
function of pedestrian detection range for different levels of AV traffic
penetration.

FIGURE 8. Speed trajectories of a representative vehicle across different
scenarios.

the pedestrian-aware logic enables AVs to initiate gradual
speed reduction immediately upon detection. The 80m detec-
tion range results in the smoothest transition, often allowing
the vehicle to avoid a complete standstill, maintaining con-
tinuous movement at a reduced speed.

This anticipatory behavior directly translates into
improved road safety by smoothing the deceleration pro-
files. Fig. 9 presents the frequency distribution of maxi-
mum observed deceleration values across the vehicle fleet.

FIGURE 9. Distribution of maximum observed deceleration per vehicle
(aggregated results of 5 random seed runs).
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Baseline scenarios (normal and aggressive HDVs) exhibit
significant peaks in the−3.0 to−4.5m/s2 range, representing
high-risk braking maneuvers. In contrast, the 100% AV pen-
etration scenario effectively eliminates these extreme events,
with the majority of deceleration values concentrated at the
-2.0 m/s2 prescribed deceleration threshold.

The operational efficiency of the network was quantita-
tively confirmed by the average number of stops and network
speed. The reduction in abrupt braking allowed for more fluid
trafficmovement; specifically, the average number of stops in
the 100% AV scenario (0.598 stops/vehicle) was 13% lower
than in the aggressive HDV baseline (0.687 stops/vehicle).

F. STATISTICAL SIGNIFICANCE ANALYSIS
A two-way analysis of variance (ANOVA) was performed
to evaluate the effects of AV penetration rate and pedestrian
detection range on energy consumption (Table 7 ). Normality
was assessed using the Shapiro–Wilk test; minor deviations
were observed in some cases but theywere considered accept-
able given the balanced design and the robustness of ANOVA.
Effect sizes (η2) and Tukey HSD post-hoc tests were also
applied.

TABLE 7. Summary of statistical analysis results for energy consumption.

The results indicate that AV penetration has a statisti-
cally significant effect on energy consumption in stochastic
speed scenarios, namely in Case 1 (F=9.55, η2 =27.9%)
and Case 3 (F=14.97, η2 =37.9%), with moderate to large
effect sizes. In contrast, AV detection range does not show a
statistically significant effect in any case, and its contribution
remains negligible. Under fixed speed conditions, the effect
of AV penetration is weaker and not statistically significant
in Case 2 (F=1.38 η2 =5.3%), while in Case 4 it approaches
significance (F=2.66, η2 =9.8%). These findings suggest
that the observed energy savings are partly related to reduced
speed variability.

Post-hoc Tukey HSD tests revealed that in stochastic HDV
speed scenarios (Cases 1 and 3), significant energy savings
(p < 0.05) are already achievable when increasing AV pen-
etration from 25% to 75%. Notably, in these cases, the
difference between 75% and 100% penetration was not
statistically significant, suggesting that the majority of the
flow-smoothing benefits are realized before reaching full
automation. In contrast, under fixed HDV speed conditions
(Case 2), no significant pairwise differences were found,

while Case 4 (EV) uniquely yielded a significant reduction
between 25% and 100% penetration (p = 0.045). This indi-
cates that the proposed logic can exploit the high sensitivity
of electric powertrains even under stable traffic conditions by
mitigating minor residual speed fluctuations.

VI. DISCUSSION
This study investigated the energy consumption impacts of
AVs at unsignalized pedestrian crossings under mixed traf-
fic conditions, with particular emphasis on pedestrian-aware
speed adaptation and propulsion technology. The results con-
sistently indicate that increasing levels of AV penetration
lead to reduced system-level energy consumption, primarily
through smoother speed profiles and fewer abrupt deceler-
ation and acceleration events near the crossing. Statistical
analysis confirms that AV penetration is the primary factor
(p< 0.001), with post-hoc tests showing that benefits saturate
at 75% in stochastic scenarios. Notably, Case 4 (EV) uniquely
yielded a significant reduction even under fixed HDV speed
conditions (p = 0.045), while the overall effect of detection
range remains statistically non-significant.

The traffic penetration-level analysis showed that energy
savings emerge even at moderate AV shares (3-7%) and
increase progressively toward fully autonomous traffic con-
ditions (approximately 12%). These improvements were
achieved without infrastructure support, signal coordination,
or vehicle-to-infrastructure communication, indicating that
behavioral adaptation alone can yield measurable system-
level benefits in pedestrian-dominated urban segments.

When compared to eco-driving strategies at signalized
intersections, the observed energy reductions in this study
are somewhat lower but remain within a realistic range. For
instance, intersection-based trajectory optimization using sig-
nal phase information has reported fuel savings of around
14% at full connected penetration [66].

Signalized intersection optimization frameworks report
reductions in the range of 20–50% under idealized optimal-
control assumptions [15], [26], while broader corridor-level
eco-driving approaches achieved reductions of up to approx-
imately 36%. These higher values are typically linked to
coordinated speed control supported by signal information
and connectivity. In contrast, the present study focused on a
single unsignalized pedestrian crossing without traffic signal
phase information or coordinated control, which explains the
more moderate energy savings. while broader corridor-level
eco-driving approaches achieved reductions of up to 36%.
These higher values are typically linked to coordinated speed
control supported by signal information and connectivity.
In contrast, the present study focused on a single unsignalized
pedestrian crossing without traffic signal phase information
or coordinated control, which explains the more moderate
energy savings.

Other studies investigating AV impacts in mixed traffic
environments similarly emphasize the role of reduced speed
variability and smoother longitudinal control in lowering
fuel consumption [35]. However, most of this research
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concentrates on highways, platooning scenarios, or signalized
intersections. Pedestrian-influenced urban segments remain
less explored from an energy perspective. By explicitly mod-
eling pedestrian-aware yielding behavior, the present study
extends the discussion beyond safety considerations and
quantifies its energy implications.

A previous simulation-based analysis of zebra crossings
also indicated that anticipatory yielding strategiesmay reduce
energy consumption [67], although without a structured com-
parison across AV penetration levels or propulsion types. The
present study builds upon that work by introducing system-
atic scenario variation and a consistent ICE–EV comparison
framework.

The sensitivity analysis shows that pedestrian detection
range plays a meaningful role in enabling gradual deceler-
ation before the crossing. Longer detection distances allow
AVs to adjust speed earlier andmore smoothly, thereby reduc-
ing abrupt braking events. Although the additional benefit
decreases at higher detection ranges, the overall trend remains
consistent across all penetration levels.

The comparison between ICE and EV propulsion indi-
cates that the relative energy savings from autonomous
control are largely independent of powertrain type. While
absolute energy use differs due to drivetrain efficiency and
regenerative braking characteristics, both propulsion tech-
nologies exhibit similar relative reductions as AV penetration
increases. This suggests that the primary mechanism behind
the observed improvements is improved speed stability rather
than propulsion-specific efficiency gains consistent with
observations in urban eco-driving studies [33].
From a policy perspective, the findings suggest that

pedestrian-aware autonomous driving functions may con-
tribute to incremental energy efficiency improvements in
urban areas without requiring infrastructure changes. During
the transitional phase of mixed traffic, measurable benefits
already appear at moderate AV penetration levels, indicating
that early adoption could yield environmental advantages.
Furthermore, the sensitivity to detection range implies that
perception performance may influence not only safety out-
comes but also environmental performance, which could
be relevant when defining technical requirements for urban
automated driving systems.

Some limitations should be acknowledged. Pedestrian
walking speeds were fixed to ensure a controlled environ-
ment; however, this excludes slower groups (e.g., elderly,
children) and may underestimate AV benefits due to shorter
crossing durations. The simulation framework represents a
simplified unsignalized pedestrian crossing and was not cal-
ibrated to site-specific traffic conditions. HDV behavior was
modeled using predefined driving profiles, which may not
capture the full variability of real-world driver responses.
Additionally, pedestrian detection capability was represented
using fixed distance thresholds rather than detailed sensor
models. While these simplifications allow controlled com-
parison across scenarios, they may influence the absolute
magnitude of the reported energy impacts. Furthermore,
unpredictable human-machine interactions, such as driver
hesitation or erratic maneuvers, were not investigated in this
study, which could also affect the overall energy-efficiency
results.

Future research may extend this framework to network-
level pedestrian interactions and cooperative AV strategies in
more complex urban settings.

VII. CONCLUSION
The study demonstrated how pedestrian-aware AV control
influences energy consumption at unsignalized pedestrian
crossings under mixed traffic conditions. Simulation results
showed that increasing AV penetration leads to measur-
able reductions in system-level energy use, with savings of
approximately 3–7% at low to medium penetration levels and
up to about 12% under fully autonomous traffic conditions.

The findings indicate that energy reductions are primarily
linked to smoother andmore gradual speed adjustment before
the crossing, resulting in lower speed variability and fewer
abrupt deceleration–acceleration events. Statistical analysis
further confirmed that these effects are primarily driven by
AV penetration, with no significant contribution from detec-
tion range within the examined range. The relative magnitude
of these savings appears largely independent of propulsion
type, as similar percentage reductions were observed for both
ICE and EV. Importantly, these improvements were achieved
without signal coordination or vehicle-to-infrastructure

TABLE 8. System-level fuel consumption results (L/100 km) Across AV penetration levels and detection ranges (CASE 1, ICE).
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TABLE 9. System-level fuel consumption results (kwh/100 km) Across AV penetration levels and detection ranges (CASE 1, EV).

communication, indicating that localized behavioral control
alone can contribute to urban energy efficiency.

Overall, the results suggest that pedestrian-aware AV
deployment may provide incremental but consistent effi-
ciency gains during transitional mixed-traffic phases. The
proposed simulation framework offers a structured basis
for evaluating additional control strategies, sensing config-
urations, and urban scenarios. Future research may extend
the analysis toward network-level effects, cooperative driv-
ing strategies, and more detailed perception and pedestrian
behavior models. In addition, incorporating stochastic sensor
models could better reflect real-world variability in detection
performance.

APPENDIX
DETAILED NUMERICAL RESULTS FOR CASE 1
See Tables 8 and 9.
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