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Abstract

Long-haul freight energy evaluation requires models that capture corridor-scale
traffic dynamics and vehicle-level powertrain behavior. This paper provides
methodology to evaluate a Class 8 truck on a 255-mile section of the U.S.
Interstate 81 (I-81) corridor using vehicle-traffic co-simulation under spatiotem-
porally varying demand. To reduce computational cost, we use a two-stage
design. Stage 1 develops a SUMO microscopic simulation for eight factorial sce-
narios defined by season, weekday type, and time of day, with multiple random
seeds. Second-by-second ego-truck trajectories provide travel-time and selected-
route energy-intensity estimates. Time of day most clearly separates traffic-flow
regimes. Beta-distribution fits show that PM scenarios have more irregular speed
profiles and weaker histogram-based fit (R2 = 0.499-0.758), whereas AM sce-
narios show more stable free-flow behavior and stronger fit (R? = 0.950-0.984);
seasonal effects are comparatively small. Stage 2 therefore evaluates selected sum-
mer weekday AM and PM cases using SUMO-IPG TruckMaker© co-simulation
with a physics-based battery-electric truck model. Relative to a no-traffic base-
line, traffic increases energy intensity by 23%—53%, reduces freight efficiency
by 22%-37%, and increases regenerative-energy fraction by 104%-165%. The
results demonstrate the importance of coupling realistic traffic variability with
high-fidelity powertrain modeling for long-haul freight energy assessment.



Keywords: Freight energy, long-haul simulation, traffic microsimulation, electric
truck, co-simulation.

1 Introduction

High-fidelity vehicle—traffic co-simulation is increasingly needed to evaluate the real-
world energy effects of long-haul freight operations, where second-by-second speed
trajectories, congestion, and interactions with surrounding traffic can strongly influ-
ence fuel and energy use [1-3]. Traffic microsimulation can represent network-level
congestion and vehicle interactions, but often lacks detailed powertrain dynam-
ics. Physics-based vehicle modeling can resolve second-by-second energy behavior
in greater detail, but it usually lacks realistic traffic interactions. Vehicle—traffic
co-simulation, linking realistic traffic interactions with high-fidelity vehicle and pow-
ertrain dynamics, therefore, has the potential to provide more realistic evaluation
[3, 4]. Simulation-based freight energy studies address this problem from com-
plementary perspectives, including planning-scale long-haul electrification analysis,
microsimulation-based trajectory energy estimation, and vehicle/powertrain simula-
tion. These approaches often emphasize regional freight-energy impacts, traffic-flow
dynamics, or detailed vehicle physics separately. Recent integrated simulation frame-
works connect traffic and vehicle-level modeling, but relatively few corridor-scale
long-haul freight studies jointly represent spatiotemporally varying demand and
high-fidelity co-simulation [3—6]. This gap reflects both modeling and computational
challenges. Developing realistic long-haul traffic scenarios requires substantial data
integration, demand generation, and calibration effort, while applying physics-based
vehicle models in co-simulation over long corridors with ambient traffic and many
stochastic demand scenarios is computationally expensive [3, 4]. Motivated by these
challenges, this study addresses three research questions:

1. Methodology at scale: What are the practical steps, data needs, and key chal-
lenges in building a 255-mile Interstate 81 (I-81) freeway microsimulation network
with realistic traffic demand using public data and open-source tools?

2. Impact of traffic demand variability: How do time-of-day, weekday /weekend,
and seasonal demand variations affect long-haul travel time and energy use, and
which factor should be prioritized in freight energy evaluation?

3. Value of co-simulation: How much additional insight does vehicle-level co-
simulation provide compared with energy estimates derived from microsimulation
trajectories alone?
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We develop and demonstrate a two-stage framework for corridor-scale energy eval-
uation of emerging freight powertrains under realistic traffic variability. In Stage 1, a
microscopic traffic simulation of the I-81 corridor is developed in Simulation of Urban
MObility (SUMO), an open-source simulator that supports agent-based traffic mod-
eling and high-resolution vehicle trajectory outputs for energy and emissions analysis
[7]. Time-varying traffic demand is generated across season, weekday type, and time
of day, and the resulting microsimulation scenarios are evaluated using travel time,
speed-distribution, and trajectory-based energy metrics. This analysis identifies time
of day as the scenario dimension producing the clearest separation in traffic-flow and
energy-relevant driving behavior, with PM conditions showing longer travel times and
more variable speed profiles than AM conditions.

In Stage 2, representative AM and PM scenarios are evaluated using vehicle-traffic
co-simulation over a 255-mile corridor section. The co-simulation couples SUMO with
IPG TruckMaker®© through the Real-Sim Flexible Interface for X-in-the-loop Simula-
tion (FIXS) [8], enabling high-fidelity vehicle and powertrain behavior to be evaluated
under realistic surrounding traffic conditions. This staged design reduces the number of
computationally expensive co-simulation runs while preserving the ability to quantify
traffic-induced energy-use variability under realistic long-haul operating conditions.
Contributions. This paper makes three contributions. First, it presents a transfer-
able workflow for developing simulation of a long freight corridor using public traffic
data, including Federal Highway Administration (FHWA) Highway Performance Mon-
itoring System (HPMS) [9] Annual Average Daily Traffic (AADT) and FHWA Traffic
Monitoring and Analysis Stations (TMAS) hourly counts [10]. Second, it develops a
scenario-based experimental design to quantify how season, weekday type, and time
of day affect long-haul travel time, speed distributions, and trajectory-based energy
intensity, and uses the results to identify time of day as the primary driver of corridor-
scale traffic and energy variability in the studied scenarios. Third, it evaluates selected
AM and PM scenarios using vehicle-traffic co-simulation with a physics-based battery-
electric Class 8 truck model, quantifying traffic-induced changes in energy intensity,
freight efficiency, and regenerative-energy recovery relative to a no-traffic baseline.

2 Related Work

2.1 Microscopic simulation and trajectory-based energy and
emissions modeling

Microscopic traffic simulation is widely used to generate second-by-second vehicle tra-
jectories that support energy, fuel, and emissions estimation beyond average-speed
methods[11-14]. By accounting for high-resolution localized interactions, includ-
ing acceleration patterns, car-following behavior, and intersection control dynamics,
microsimulation helps bridge the gap between aggregate traffic data and instantaneous
environmental impacts [12, 15]. These models allow practitioners to extract detailed
speed and acceleration profiles, which serve as inputs to vehicle-specific instanta-
neous fuel-consumption and emissions models that macroscopic frameworks typically
smooth out [11, 15]. SUMO is a widely used open-source microsimulator that supports
detailed trajectory output together with integrated emissions and energy models such



as PHEMlight and PHEMlight5 [7, 16, 17]. Trajectory-based modeling is important
because energy and emissions depend strongly on transient driving behavior, including
acceleration, deceleration, and stop-and-go conditions. A representative instantaneous
model is VT-Micro, which relates fuel and emissions to speed and acceleration and
has been validated against measured data [18, 19].

2.2 Vehicle—traffic co-simulation for vehicle-level energy fidelity

Although trajectory-based models are useful for estimating energy and emissions from
microscopic simulation outputs, they may not capture detailed vehicle physics such
as grade effects, traction limits, powertrain control, thermal constraints, and regen-
erative braking. Vehicle-traffic co-simulation addresses this limitation by coupling
microscopic traffic flow with higher-fidelity vehicle dynamics and powertrain models.
Real-Sim FIXS enables this multiresolution coupling between traffic simulators and
vehicle/virtual-environment components [8]. Recent work also shows that elevation
and detailed longitudinal dynamics can materially affect energy outcomes, particularly
for heavy-duty and electric vehicles [20]. Related studies have examined energy-aware
cooperative on-ramp merging using SUMO/SIMULINK joint simulation [21], real-time
online speed replanning using vehicle-traffic-communication co-simulation [22], and
incentive mechanisms for cooperative merging using multi-agent deep reinforcement
learning [23].

2.3 Corridor-scale traffic scenario generation

Corridor-scale microsimulation remains challenging because it requires consistent
network generation, data fusion, demand development, calibration, and substantial
computational effort. Prior large-scale studies have shown feasibility but also high-
lighted the workflow burden of building day-long microscopic models for major regions
[24]. To operationalize microscopic simulation at scale, recent research focuses on
structured model-development workflows and cross-platform alignment. A three-tier
incremental framework guides the transition from offline, history-driven models to real-
time, data-driven traffic digital twins [25]. Because reproducible simulation studies
may require different simulation engines, subsequent work evaluates scenario consis-
tency across independent platforms [26]. Building on this direction, the Real-Twin
framework [27, 28] automates multi-source data ingestion to generate consistent micro-
scopic simulation environments across SUMO, VISSIM, and AIMSUN. Such workflows
are important for long-haul freight energy studies because corridor-scale operating
conditions, demand patterns, and traffic variability shape the trajectories that are
later used for energy estimation or co-simulation.

2.4 Regional freight energy and infrastructure analysis

At a broader planning scale, freight energy studies increasingly examine corridor infras-
tructure, operating constraints, and regional deployment pathways for emerging heavy-
duty powertrains. Recent work has linked freight mobility, traffic, weather, and energy
systems to evaluate heavy-duty charging and hydrogen infrastructure deployment
[29-32]. These studies complement microsimulation and co-simulation approaches by



addressing regional energy demand, infrastructure siting, charging/refueling require-
ments, grid impacts, and system-level planning needs. In contrast, high-resolution
traffic simulation and vehicle—traffic co-simulation provide more detailed insight into
how local traffic conditions, vehicle interactions, and transient speed profiles affect
vehicle-level energy performance.

3 Corridor Microsimulation Model and Scenario
Generation

3.1 Real-Twin

In this effort, Real-Twin [27, 28] is used to develop the I-81 microscopic traffic sim-
ulation model by integrating roadway-network information, traffic demand data, and
simulator-specific configuration files into a consistent scenario-generation workflow.
The resulting scenarios represent time-varying traffic demand across season, weekday
type, and time of day using the public data sources described in Section 3.2. These sce-
narios support evaluation of demand-variability effects on corridor travel time, speed
distributions, and trajectory-based energy estimates, and they provide representative
operating conditions for subsequent vehicle-traffic co-simulation.

The generated I-81 network also incorporates corridor elevation information. Ele-
vation is especially important for freight energy evaluation because roadway grade
directly affects tractive power demand, vehicle speed response, regenerative braking
opportunities, and battery-electric truck energy consumption. Prior work shows that
raw elevation data can contain noise, discontinuities, and abrupt grade changes that
may have limited effects in conventional traffic simulation but can strongly affect
vehicle dynamics and energy estimates in co-simulation [20]. That study examines
these issues on an I-81 corridor segment and proposes an elevation-processing work-
flow that smooths unrealistic artifacts while preserving roadway geometry, improving
the realism and stability of vehicle—traffic co-simulation [20]. Hence, this study
includes elevation-aware network generation to support more realistic long-haul freight
powertrain energy evaluation.

3.2 Traffic Demand

The traffic demand model combines two public data sources: Annual Average Daily
Traffic (AADT) from Federal Highway Administration’s (FHWA) Highway Perfor-
mance Monitoring System (HPMS) [9] and hourly vehicle counts from FHWA’s Traffic
Monitoring Analysis System (TMAS) [10]. HPMS AADT provides the baseline 24-
hour demand along the I-81 corridor, including mainline volumes, on-ramp inflows,
and off-ramp outflows. TMAS hourly counts provide scenario-specific scaling factors
that capture hourly demand variation by time of day (TOD), season, and weekday

type.



3.2.1 Estimating Missing AADT and Truck Shares on I-81
Segments

Because the modeled corridor crosses Virginia, West Virginia, Maryland, and Penn-
sylvania, HPMS AADT data are assembled from all four states [33—-36]. Some sources
report total AADT together with truck AADT or truck percentage, whereas others
report only aggregate AADT. Figure 1 illustrates these differences using sample 1-81
AADT points from West Virginia and Pennsylvania.
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Fig. 1 Sample AADT data points on I-81 in West Virginia and Pennsylvania.

Missing total AADT values are estimated using local flow-balance consistency
between consecutive mainline segments. Differences between upstream and down-
stream mainline AADT represent the net effect of nearby ramp inflows and outflows.
The same principle supports missing truck AADT estimation when truck counts or
truck percentages are unavailable. Truck-share estimates are further constrained using
patterns observed in the available data. Reported truck percentages do not exceed 30%,
and nearby paired on-ramp and off-ramp truck shares are generally similar. Therefore,
missing truck percentages are selected to remain below 30%, maintain similar values
for nearby ramp pairs, and preserve local consistency in both total AADT and truck
AADT across adjacent mainline and ramp segments.

3.2.2 Scenario Factors from TMAS: Time of Day, Season, and
Weekday Type

TMAS hourly counts are used to convert baseline AADT into scenario-specific demand
volumes. For each TMAS station, scaling factors are computed for scenarios defined by
season, weekday type, and time-of-day (TOD) window. Let T'(d, h) denote the vehicle
count on day d during hour h. Let D, be the set of all valid days in the year, Dgeason
the set of valid days in a given season, Dqay C Dscason the subset of seasonal days
matching the selected weekday type, and Hioq the set of hours in the selected TOD
window. Let Ny and Ny, denote the number of days in D,y and Dq,y, respectively.
The annual average daily volume at a station is computed as

1 24
Tan=— >, D T(dh) (1)
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The average TOD-window volume for the selected season and weekday type is
computed as

1
Tscason,day,tod = N Z Z T(d, h) (2)
42Y 1€ Dany h€Heoa

This formulation applies the temporal filtering sequentially. The set of days is
first restricted to the selected season, then to the selected weekday type within that
season, and finally to the hours belonging to the selected TOD window. Therefore,
Tieason,day,tod 15 computed only from days that satisfy both the selected season and
weekday-type conditions.

The station-level scenario factor is computed as

= Tseason,day,tod. (3)
Tan

Thus, F represents the fraction of annual average daily volume assigned to the
selected TOD window under the specified seasonal and weekday-type conditions at
that station. These factors are computed for each station, scenario, and vehicle class
where class-specific counts are available. The resulting factors are used to scale the
baseline AADT and truck AADT estimates developed in Section 3.2.1.

Because TMAS stations are spatially sparse along I-81, applying a single sta-
tion factor to the full corridor would not preserve local demand variation. Therefore,
the network is divided into directional zones using consecutive TMAS stations as
boundaries. As shown in Figure 2, each zone extends between two neighboring TMAS
stations. For each scenario, the zone factor Z is computed as the average of the two
bounding station factors:

_ Fa+Fp

Z ;
2

(4)

where Fy and Fp are the upstream and downstream station-level scenario factors,
respectively. The resulting zone factor is applied to all baseline AADT values, including
truck AADT where available, within the corresponding zone.

3.3 Automatic Traffic Demand Ingestion in SUMO

3.3.1 Mapping Ramp-Level Demand Estimates to SUMO Flow
Inputs

A key step in long-corridor demand generation is mapping estimated ramp-level inflow
volumes to the correct SUMO network edge IDs. This step is challenging because
demand inputs are organized by ramp name or location, whereas SUMO requires
vehicle flows to be assigned to specific network edges. To support semi-automated
demand ingestion, we use a graph-based procedure that links ramp AADT estimates,
TMAS-based scenario factors, and hourly flow inputs.
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Fig. 2 Partition of the northbound I-81 network into directional zones using TMAS stations as
boundaries. Blue dots indicate TMAS station locations, and orange segments indicate the resulting
zones.

The mapping workflow proceeds through four steps: identifying ramp-related

SUMO edge IDs, linking ramp names to those edge IDs, assigning each ramp to a
TMAS-based demand zone, and writing scenario-specific SUMO flow inputs.

Graph-based edge identification: A directed graph uses the SUMO .net.xml
file and NetworkX [37]. The northbound (NB) and southbound (SB) directions form
separate directional subnetworks. For each direction, the dominant backbone path
represents the mainline. Edges that merge into the backbone represent on-ramps,
and edges that diverge from it represent off-ramps. This step identifies the SUMO
edge IDs needed for ramp inflows and exit split ratios.

Ramp-name to edge-ID matching: SUMO ramp edge IDs are matched to Open-
StreetMap ramp names because the demand spreadsheets index ramp volumes by
ramp name. This mapping assigns on-ramp AADT estimates to the correct inflow
edges and off-ramp AADT estimates to the correct exit edges.

TMAS zone assignment: TMAS stations divide the corridor into directional
demand zones so that each ramp receives an appropriate scenario factor Z.
Coordinate-based nearest-neighbor matching links each TMAS station to the near-
est SUMO junction. Consecutive matched stations define zone boundaries, and the
NetworkX graph identifies the corridor edges within each zone. Each ramp receives
the zone factor computed from the two bounding TMAS stations.

Scenario flow-file generation: Scenario-specific SUMO flow files define demand
by direction and vehicle class. For each on-ramp, the corresponding zone fac-
tor Z scales the baseline AADT. The resulting hourly demand is written to the
vehsPerHour attribute of a SUMO flow element, with one entry for each hour in
the selected TOD window.

This procedure converts spatially resolved ramp AADT estimates and TMAS-

based temporal scaling factors into SUMO-compatible hourly inflows for trucks and
nontrucks across the modeled I-81 corridor.



3.3.2 Split Ratio Ingestion and Scenario Generation

After scenario-specific ramp inflows are generated, exit split ratios are computed and
written to a SUMO turn-ratio file. These split ratios define the probability that vehicles
leave the mainline at each off-ramp and provide the routing inputs needed to generate
scenario- and seed-specific vehicle routes.

e Exit split-ratio estimation: Exit probabilities are computed from the AADT-
based demand sheet. For each off-ramp, the exit probability is the ratio of off-ramp
AADT to the upstream mainline AADT immediately preceding the exit:

- AADTOH'—ramp
N AADTupstream mainline .

Pog (5)

SUMO turn-ratio definitions store the resulting P,g values in the .turn.xml file.
® Route generation: The SUMO jtrrouter tool generates scenario- and seed-
specific route files by combining the flow file, turn-ratio file, vehicle-type definitions,
and random seed.
® Scenario configuration: A scenario-specific .sumocfg file references the network
file, route file, and additional files, and specifies the simulation time window, step
length, and random seed.

3.4 Model Verification and Validation

The simulation model covers a 358-mile I-81 corridor, while the energy evaluation
focuses on a selected 255-mile route within this network. Model verification is per-
formed for the full 358-mile corridor to ensure that the broader traffic simulation
operates consistently before extracting the energy-analysis route. Verification includes
repeated checks of the simulation network against real-world corridor characteristics,
including the number of lanes, lane additions and drops, speed limits, lane widths,
and the locations of true on- and off-ramps. Figure 3 shows the modeled I-81 cor-
ridor in SUMO together with a representative ego truck used in the co-simulation
environment. In addition to geometric verification, the network is evaluated under
the estimated demand inputs to identify unrealistic traffic behavior. Because corri-
dor demand is estimated rather than directly observed, some local adjustments are
required. For example, recurring bottlenecks are observed near certain ramps where
very short mainline segments immediately upstream of off-ramps or downstream of
on-ramps restrict merging and diverging maneuvers, creating artificial congestion.
To mitigate these artifacts while preserving corridor-level flow consistency, AADT is
redistributed from problematic ramps to nearby comparable ramps.

For preliminary validation, we compare the simulated end-to-end travel time of
a representative Class 8 ego truck with Google Maps travel time estimates for the
same I-81 route in both northbound (NB) and southbound (SB) directions. The com-
parison uses the all_year_weekday_1PM-9PM scenario, representing typical weekday
traffic conditions between 1 and 9 p.m. Because observed truck travel time data are
not available, Google Maps time ranges are used as an external reference to assess the
reasonableness of simulated corridor travel times.
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Fig. 3 The modeled I-81 corridor in SUMO (left) and a representative ego truck used in the co-
simulation environment (inset).

The simulated travel times for both directions fall within the corresponding Google
Maps ranges. The NB trip takes 5 h 59 min, compared with a Google Maps estimate
of 5 h to 6 h 10 min, whereas the SB trip takes 6 h 3 min, compared with an estimate
of 5 h 10 min to 6 h 10 min. These results provide an initial corridor-level check that
the calibrated model yields reasonable travel times for the selected scenario, although
validation against observed probe or truck trajectory data is still needed.

4 Truck Powertrain Model Development and
Co-Simulation Setup

4.1 Truck Powertrain Model

The vehicle modeled in the co-simulation environment is a battery-electric truck
(BET), representing a high-efficiency Class 8 freight powertrain configuration used
to evaluate traffic-induced energy-performance variability. The selected aerodynamic,
rolling-resistance, trailer, and payload parameters reflect an advanced high-efficiency
BET configuration rather than the full range of commercially deployed Class 8 trucks.
Therefore, the absolute energy-intensity values should be interpreted as configuration-
specific. However, because the same BET model is held fixed across all evaluated
traffic conditions, the comparative results remain useful for isolating the effect of traffic
variability on powertrain energy performance.

The BET uses a 6x4 driveline configuration, with two front steering wheels and
four driven rear wheels distributed across two rear axles. Two electric motors, one
mounted on each rear axle, provide a combined maximum driving torque of 2,200 Nm.
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Each rear axle is paired with a three-speed automatic transmission, with gear ratios
of 5.6, 2.8, and 1.4 for the first, second, and third gears, respectively.

The BET is equipped with a 700 kWh high-voltage battery to support uninter-
rupted simulation over the I-81 corridor. The battery operates at 660 V, with the state
of charge constrained between 20% and 80%. The maximum battery power is set to
1,600 kW.

A sequential regenerative braking strategy is implemented to recover braking
energy. Regenerative braking is applied first through the electric motors. Friction
braking is introduced only when the braking torque demand exceeds the available
regenerative braking torque by more than 10 Nm. The minimum braking torque is set
to 2 Nm, and regenerative braking is enabled only above a minimum vehicle speed of
2 km/h.

A two-axle trailer is configured to pair with the BET tractor. The tractor and trailer
both have an air-drag coefficient of 0.325 at 10 m? frontal area. The rolling resistance
coefficients are as follows: tractor steering tires, 0.0041; tractor driving tires, 0.004;
and trailer tires, 0.0036. The gross combined weight of BET is 79,093 b, consisting of
a 25,618 1b tractor, an 11,475 1b trailer, and a 42,000 1b payload.

To navigate the BET in traffic, an intelligent driver model-based longitudinal con-
troller is incorporated to plan safe speed in traffic. A proportional-integral-feedforward
controller then modulates the truck throttle/brake to execute the planned speed.
The lateral controller from IPG TruckMaker is adopted to control tractor steer-
ing for keeping the BET in the desired lane (obtained from a prespecified routing
configuration).

4.2 Co-Simulation Setup

The co-simulation framework combines SUMO, IPG TruckMaker, Simulink, and Oak
Ridge National Laboratory’s (ORNL’s) Real-Sim to capture both ambient traffic
interactions and high-fidelity ego-truck dynamics (as shown in Fig. 4).

SUMO simulates surrounding traffic on the selected corridor segment with cali-
brated car-following and lane-changing models. Although suitable for corridor-scale
traffic flow, SUMO does not capture detailed vehicle dynamics and BET powertrain
characteristics needed for high-fidelity energy analysis, such as traction limits, regen-
erative braking, and detailed energy consumption. Thus, the ego Class 8 BET is
modeled in IPG TruckMaker, which provides detailed vehicle dynamics and powertrain
simulation.

Real-Sim provides synchronization between SUMO and IPG TruckMaker, enabling
bidirectional interaction between the ego truck and the surrounding traffic. This setup
allows the ego BET to affect surrounding traffic while also responding to realistic traffic
conditions to preserve physics-based vehicle dynamics for energy-related evaluation.

11
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Fig. 4 vehicle-traffic co-simulation framework.

5 Experimental Design

5.1 Scenario Matrix and Two-Stage Study Design

The analysis follows a two-stage design to quantify how temporal demand variability
affects corridor-scale travel time and truck energy outcomes.

Stage 1 evaluates a full microsimulation scenario matrix defined by three tempo-
ral dimensions: season (summer [S], winter [W]), day type (weekday [WD], weekend
[WE]), and time of day (AM: 1-9 a.m.; PM: 1-9 p.m.). Scenario labels follow the
order Season--DayType--TOD; for example, SWDAM denotes summer weekday a.m., and
WWEPM denotes winter weekend p.m. The full factorial design yields eight scenarios:
SWDAM, SWDPM, SWEAM, SWEPM, WWDAM, WWDPM, WWEAM, and WWEPM. Each scenario is simu-
lated with 10 random seeds to capture stochastic variability in traffic interactions and
route realization, resulting in 80 microsimulation runs.

Each Stage 1 run includes one ego vehicle representing a Class 8 truck traversing
the full modeled corridor. The ego-truck trajectory is recorded at 1 Hz and supports
two complementary analyses. First, end-to-end travel time is evaluated over the full
corridor. Second, energy consumption and energy intensity are evaluated on a
selected route within the corridor that is of specific interest to the truck vendor.
The same selected route is also used in Stage 2 co-simulation.

12



5.2 Trajectory-Based Energy Evaluation in Stage 1

Energy is estimated from the simulated trajectory using the general tractive energy for-
mulation implemented in MOVESTAR. First, MOVESTAR computes tractive power
demand from instantaneous speed, acceleration, rolling resistance, and aerodynamic
drag, then it integrates power over time to obtain total energy consumption [38].
Energy intensity is reported as trip energy divided by trip distance (kWh/mile). This
trajectory-based formulation directly maps traffic-induced changes in speed variability,
stop-and-go behavior, and delay into changes in vehicle energy demand [38].

Stage 1 results identify the temporal factors that contribute most to variability in
full-corridor travel time and selected-route energy outcomes. Stage 2 then downselects
representative scenarios for higher-fidelity vehicle—traffic co-simulation. This downs-
election is necessary because co-simulation requires tighter coupling time steps and
more detailed vehicle dynamics, making evaluation of all 80 cases computationally
very expensive at corridor scale.

6 Results

6.1 Stage 1: Microsimulation Results

Stage 1 evaluates the eight scenarios—SWDAM, SWDPM, SWEAM, SWEPM, WWDAM, WWDPM,
WWEAM, and WWEPM—with 10 random seeds per scenario. Across the Stage 1 results, the
clearest separation is between a.m. and p.m. conditions. The p.m. scenarios produce
higher travel times, larger dispersion, and higher selected-route energy use than those
produced by the a.m. scenarios. This behavior is consistent with travel-time reliability
guidance showing stronger variability during peak-period conditions [39, 40]. Energy
follows the same pattern because it is sensitive to transient speed and acceleration
behavior, especially under stop-and-go traffic [18, 19, 41].

Selected-route travel time (Fig. 5). Fig. 5 shows selected-route travel-time distri-
butions for the Class 8 ego truck across the eight Stage 1 scenarios. Across all runs, the
mean travel time is 4.56 h, and the standard deviation is 0.57 h, with values ranging
from 3.83 to 6.33 h. The strongest separation occurs by time of day: all p.m. scenar-
ios have higher medians than the a.m. scenarios, and the summer p.m. cases—SWDPM
and SWEPM—show the largest travel times and widest spreads. In contrast, the four
a.m. scenarios cluster tightly around 4.0-4.1 h with limited variability. Season and
day type act as secondary modifiers within the p.m. regime, but the dominant effect
is the a.m.—p.m. split, with p.m. travel times averaging 30-40% longer than their a.m.
counterparts.

Selected-route energy and energy intensity (Fig. 6). Fig. 6 reports energy con-
sumption (kilowatt-hours) and energy intensity (kilowatt-hours/mile) on the selected
route. Across all runs, mean selected-route energy consumption is 927.134 kWh
(standard deviation: 115.161 kWh), and mean selected-route energy intensity is
3.594 kWh/mile (standard deviation: 0.446 kWh/mile). The same a.m.—p.m. sepa-
ration appears in the energy results. The p.m. scenarios consistently show higher
selected-route energy use and higher energy intensity than that of a.m. scenarios,
indicating that congestion and speed variability increase both total energy demand
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Selected Route Travel Time Distribution by Traffic Scenario
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Fig. 5 Selected-route travel time distributions across eight Stage 1 traffic scenarios.

and per-mile energy use. The largest selected-route energy levels occur under SWDPM,
SWEPM, and WWDPM, whereas the a.m. scenarios remain lower and more tightly grouped.
This direction is consistent with prior work showing that congestion and stop-and-go
operation increase fuel and energy consumption [18, 19, 41].

Speed distributions and Beta fits (Fig. 7). To summarize ego-truck speed vari-
ability, Beta distributions are fit to pooled speed samples (0-70 mph) from the 10
seeds within each scenario. Fig. 7 shows a clear regime difference. The a.m. scenarios,
SWDAM, SWEAM, WWDAM, and WWEAM, are strongly concentrated near free-flow speed, with
most probability mass near the upper end of the range and only a modest lower-speed
tail. In contrast, the p.m. scenarios, SWDPM, SWEPM, WWDPM, and WWEPM, are broader and
assign substantially more mass to lower speeds, consistent with intermittent congestion
in addition to free-flow operation. The fitted parameter pairs separate these regimes
clearly: a.m. scenarios cluster at large o with 3 close to 1, whereas p.m. scenarios clus-
ter at much smaller « and lower 3, indicating qualitatively different speed-distribution
shapes.

Goodness-of-fit and regime separation (Fig. 8). Fig. 8 reports two comple-
mentary fit measures for the Beta speed model. Quantile-based R? assesses how
well the model captures the overall empirical distribution shape and remains high
across all scenarios (0.866-0.972), indicating good agreement at the distribution level.
Histogram-based R? evaluates bin-level density agreement and is more sensitive to
local shape mismatch, multimodality, and boundary effects. This metric is also high for
a.m. scenarios (0.950-0.984), showing that a single Beta distribution represents mostly
free-flow conditions well but drops substantially for p.m. scenarios (0.499-0.758), indi-
cating a poorer fit under mixed free-flow and congested states. The parameter-space
plot shows the same pattern: a.m. scenarios cluster in a high-fit region, whereas p.m.
scenarios form a distinct lower-a, lower-3 group. Overall, these results identify time
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Selected Route: Energy Consumption (kWh)

12001 (Mean: 927.134 kWh
Std: 115.161 kWh

o

1000

L -

700 o o o

Energy (kWh)
©
o
o

SWDAM SWDPM SWEAM SWEPM WWDAM WWDPM WWEAM WWEPM

Selected Route: Energy Efficiency (kWh/mile)

Mean: 3.594 kWh/mile
4.50 Std: 0.446 kWh/mile

o
4.25
4.00
o
3.50
o
3.25
3.00 5

o o o

Efficiency (kWh/mile)

SWDAM SWDPM SWEAM SWEPM WWDAM WWDPM WWEAM WWEPM
Scenario

Fig. 6 Selected-route energy consumption and energy intensity across Stage 1 scenarios.

of day as the primary driver of speed-regime separation, with season and day type
having smaller, secondary effects.

Based on the Stage 1 results, SWDAM and SWDPM are selected for Stage 2 because
they capture the dominant a.m.—p.m. operating-regime contrast. Stage 2 focuses on
the same selected route as that used in the Stage 1 energy analysis and evaluates each
scenario with two random seeds using higher-fidelity vehicle-traffic co-simulation for
a Class 8 BET.

6.2 Stage 2: Co-Simulation Results

Stage 2 applies the high-fidelity vehicle-traffic co-simulation to quantify how ambient
traffic affects long-haul Class 8 BET truck energy performance.

Co-simulation is performed for the NB direction of the selected 255-mile I-81 cor-
ridor segment. Two Stage 1 scenarios are evaluated (i.e., SWDAM and SWDPM), and each
scenario is simulated with two random seeds. A no-traffic baseline is also simulated to
isolate the effect of ambient traffic interactions.

Table 1 reports BET energy intensity (kilowatt-hour/mile), freight efficiency
(ton-mile/kilwatt-hour), and regenerative-energy fraction. Relative to the no-traffic
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Beta distribution fitting for ego truck speed distributions
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Fig. 7 Beta distribution fits to pooled ego-truck speed samples for each Stage 1 scenario. The R?
values shown in each panel correspond to quantile-based R2.

baseline, both SWDAM and SWDPM increase energy use and reduce freight efficiency.
Ambient traffic introduces more stop-and-go behavior and greater speed variability,
which increase traction energy demand. At the same time, the regenerative fraction
increases because the BET experiences more frequent coasting and braking in response
to slower traffic and queue formation.

Fig. 9 summarizes the percent change in these metrics relative to the no-traffic
baseline. The higher-demand SWDPM case produces the largest degradation, with energy
consumption increasing by up to 53% and freight efficiency decreasing by up to 37%.
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Beta distribution fit model analysis
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Across all cases, the regenerative fraction increases substantially (104%-165%), reflect-
ing more frequent deceleration and greater opportunity for energy recovery. These
results show that realistic ambient traffic conditions materially affect long-haul BET
truck energy performance and should be represented in corridor-scale freight energy
analysis.

7 Discussion and Conclusion

The results support a clear two-stage interpretation. Stage 1 microsimulation provides
an efficient way to screen a broad scenario space and identify the traffic conditions that
matter most for truck performance. Across the eight scenarios, the dominant factor
is time of day: p.m. scenarios consistently produce higher full-corridor travel times,
larger dispersion, and higher selected-route energy use than those of a.m. scenarios.

17



Table 1 BET co-simulation efficiency results. Percent changes
are relative to the no-traffic baseline.

Scenario kWh/mi ton-mi/kWh Regen (%)
Baseline (no traffic) 2.08 9.14 8.78

SWDAM (seed 101) 2.63 (+26%) 6.91 (-24%) 17.9 (+104%)
SWDAM (seed 404)  2.56 (+23%)  7.09 (-22%)  18.1 (+106%)
SWDPM (seed 101) 3.18 (+53%) 5.70 (-37%)  23.3 (+165%)
SWDPM (seed 404)  3.10 (+49%) 5.85 (-36%)  21.7 (+147%)

Season and day type act mainly as secondary modifiers. The fitted Beta speed distri-
butions reinforce this result. The a.m. scenarios are concentrated near free-flow speeds
and are represented well by a single Beta distribution, whereas p.m. scenarios exhibit
broader low-speed components and lower histogram-based fit quality, indicating more
complex mixed traffic states.

Stage 2 co-simulation confirms that these traffic differences materially affect BET
performance on the selected route. Relative to the no-traffic baseline, ambient traffic
increases energy intensity by 23%-53%, reduces freight efficiency by 22%-37%, and
increases regenerative-energy fraction by 104%-165%. The larger regenerative fraction
shows that congested traffic creates more braking and recovery opportunities, but these
gains do not offset the additional traction demand caused by stop-and-go operation
and speed fluctuations. The SWDPM case produces the largest penalty, consistent with
the Stage 1 result that p.m. conditions represent the more energy-intensive operating
regime. Overall, the proposed workflow combines the scalability of microsimulation-
based trajectory analysis with the fidelity of vehicle-traffic co-simulation.

8 Limitations and Future Work

A key limitation of this study is the limited number of vehicle-traffic co-simulation
runs that could be completed because of the high computational cost of simulating a
very long corridor with a high-fidelity physics-based vehicle model. As a result, the
co-simulation-based energy consumption and energy efficiency results should be inter-
preted as initial evidence rather than fully converged estimates, and additional runs
across more scenarios and seeds are needed to establish robustness and quantify the
extent of improvement over microsimulation-only results. Future work should therefore
focus on improving computational efficiency through approaches such as distributed
computing, hybrid simulation architectures, surrogate-assisted evaluation, or selective
high-fidelity simulation of the most informative scenarios.

Another limitation is that the microsimulation model could not be rigorously cal-
ibrated to observed driving behavior, travel times, and speed distributions because of
limited ground-truth field data and the difficulty of calibrating a network of this scale.
Although the model captures reasonable system-level patterns, stronger calibration
using richer observed trajectory, speed, and travel-time data would improve confidence
in both mobility and energy-related results. Future work should investigate scalable
calibration strategies and expanded data collection to strengthen behavioral realism.
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Finally, the battery electric truck physics model could not be directly validated
against real-world operational data because such data were not available for the study
corridor and vehicle configuration. This limits confidence in the absolute powertrain
energy estimates, even though the model is useful for comparative scenario analysis.
Future work should incorporate empirical heavy-duty BET performance data, when
available, to validate and refine the vehicle model under realistic operating conditions.
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