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Abstract: This study evaluates how well the Intelligent Driver Model (IDM) reproduces
observed leader—follower behavior across vehicle categories and how these behav-
ioral differences influence PHEMlIight fuel-consumption estimates in SUMO. The anal-
ysis uses fused roadside radar trajectories collected along a 1.5km signalized arte-
rial corridor and classifies follower vehicles into four categories using radar-reported
length: Cars, SUVs, light-duty Trucks, and heavy-duty on-highway trucks (Class-8 in
U.S.) vehicles. Measured leader trajectories are replayed in SUMO via TraCl, while
followers are simulated using IDM. Default parameters and parameters calibrated with
a trajectory-level objective in spacing, velocity, and acceleration are compared using
RMSE in spacing, velocity, and acceleration. Calibration reduces RMSE across all cat-
egories, with the largest reductions in spacing, but Class-8 trajectories retain higher
reproduction error than the light-duty categories. A focused Class-8 analysis shows
that erroneously simulating the same Class-8 leader—follower trajectories as vClass
passenger increases uncalibrated spacing and acceleration error relative to the Class-
8 (vClass trailer) representation, while calibration eliminates the difference between the
two representations. PHEMIight fuel-consumption medians decrease after calibration
for each vehicle category, with the largest absolute reduction observed for Class-8 ve-
hicles. These results highlight the importance of category-aware behavioral modeling
when microsimulation outputs are used for energy and emissions assessment in mixed
traffic.

Keywords: traffic microsimulation, car-following models, roadside radar, SUMO, vehi-

cle classification, fuel consumption

1 Introduction

Traffic microsimulation is widely used to study driving behavior, vehicle energy use,
emissions, and network performance [1]-[3]. The reliability of these analyses depends
on how well the underlying models reflect real-world vehicle motion. Car-following (CF)
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models are especially critical because they govern how vehicles respond to one an-
other in the traffic stream and directly shape speed and acceleration profiles [4]. As
microsimulation is increasingly applied in environmental assessment and operational
planning, there is growing interest in whether these models adequately represent dif-
ferences in vehicle types and following behavior. This is particularly important for fuel
estimation, since acceleration capability and spacing behavior vary substantially across
vehicle classes and influence energy use.

Many microsimulation studies continue to rely on calibration using network-level mea-
sures such as flow, density, or average segment speeds. Although these metrics are
useful, they do not guarantee that simulated leader—follower interactions resemble real
trajectories [5]. Prior work has shown that models calibrated only to macroscopic in-
dicators may reproduce aggregate performance while generating unrealistic following
behavior at the trajectory level [6]. This limitation has motivated the use of trajectory-
based calibration whenever high-resolution data are available. Such detail is especially
important for fuel and emissions modeling, because relatively small differences in speed
variability and acceleration can produce large differences in predicted energy use [2].
Recent advances in roadside radar sensing have helped address historical data limita-
tions. In particular, Schrader et al. developed a fused radar dataset for a 1.5 km urban
corridor that provides continuous, lane-aligned leader—follower trajectories and enables
calibration and evaluation directly within SUMO [7].

Despite these advances, prior trajectory-based calibration studies have generally
evaluated car-following behavior in aggregate, with limited attention to how perfor-
mance varies across vehicle types. Empirical trajectory studies indicate that heavy
vehicles operate with lower acceleration levels and longer time headways than pas-
senger cars, reflecting more conservative following behavior [8]. These differences
affect how disturbances propagate through traffic and can alter vehicle power demand
and fuel use, particularly in mixed traffic streams [9]. If CF models do not reproduce
these category-specific patterns, fuel and emissions estimates derived from microsim-
ulation may be systematically biased. This concern is especially relevant on corridors
with substantial heavy-truck activity, such as freight and port-access routes [10].

This study addresses this gap by explicitly evaluating car-following behavior and fuel-
consumption estimates across four vehicle categories: Cars, SUVs, light-duty Trucks,
and Class-8 heavy trucks. Here, Class-8 refers to the U.S. heavy-duty truck classifi-
cation and represents on-highway heavy trucks with trailers in the SUMO simulations.
Building on the radar-based calibration framework of [7], measured leader trajectories
are replayed in SUMO while follower vehicles are simulated using the Intelligent Driver
Model (IDM). Model performance is evaluated using trajectory-level metrics in spac-
ing, speed, and acceleration, and fuel consumption is estimated using the PHEMIight
emissions model within SUMO. Applying this framework consistently across vehicle
categories enables direct assessment of how behavioral assumptions and calibration
influence predicted fuel consumption.

A key contribution of this work is the focused treatment of Class-8 vehicles within
the calibration and evaluation framework. By isolating heavy-truck trajectories rather
than pooling them with light-duty traffic, the analysis examines behavioral differences
that may be obscured in aggregate evaluations. The study also evaluates whether
vehicle-category representation and calibration affect fuel-consumption estimates for
heavy vehicles. Together, this category-aware evaluation supports the assessment of
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behavioral modeling assumptions when microsimulation outputs are used for energy
and emissions analysis in mixed traffic environments.

2 Background
2.1 Car Following Models in Microsimulation

Car-following models specify how a following vehicle adjusts its speed in response
to the leader. A wide range of formulations has been proposed, from early models
by Reuschel and Pipes to modern parametric and data-driven approaches [11]-[13].
SUMO implements several widely used car-following formulations, including the Krauss
model, the Intelligent Driver Model (IDM), the Enhanced Intelligent Driver Model (EIDM),
and the Wiedemann 99 (W99) model. The present study focuses on the Intelligent
Driver Model (IDM) for detailed trajectory-level evaluation though analysis was done
for each of the mentioned models with results provided in Appendix.

Intelligent Driver Model (IDM) The IDM [14] describes acceleration as a continuous
function of speed, spacing, and relative speed:

ve\®  [5*(vs, AD) 2
ofza[1—(v—’;> —(ff) : (1)
where the desired gap is
N _ UfAU
s*(vg, Av) = sy + TUf + . (2)
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In these equations, vy is the follower speed, v, is the desired speed, Av is the rela-
tive speed between the follower and leader, s is the current spacing, s* is the desired
spacing, a is the maximum acceleration parameter, b is the comfortable deceleration
parameter, s, is the minimum gap, 7 is the desired time headway, and § is the accel-
eration exponent. These parameters have direct behavioral interpretations, which has
contributed to the model’s widespread use.

2.2 Source Data Collection

This section summarizes the CF-model calibration methodology presented at the
SUMO User Conference 2024 [7] and describes the dataset used in this study. The
methodology builds on fused roadside radar trajectories that provide lane-aligned mea-
surements of leader and follower motion at high temporal resolution. These trajectories
are used to compute car-following metrics and to assign vehicles to length-based cat-
egories. Measured leader motion is replayed in SUMO to support simulation-based
analysis of follower behavior.

The Intelligent Driver Model (IDM) is evaluated using both default and calibrated pa-
rameter sets. Performance is quantified using trajectory-level error metrics in spacing,
velocity, and acceleration. Fuel consumption estimations from PHEMIight are applied
within SUMO simulations. Together, these steps define a consistent workflow for relat-
ing vehicle category, behavioral assumptions, and calibration to simulated trajectories
and fuel-consumption outcomes.
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Figure 1. Radar-derived follower speed profiles shown as longitudinal speed (km/h) versus cumulative
distance (km). Panels correspond to Cars (top left), SUVs (top right), Trucks (bottom left), and
Class-8 vehicles (bottom right). Solid lines represent category mean profiles, shaded regions
represent +1 standard deviation, and the dashed horizontal line represents the 80.5 km/h
corridor speed limit.

2.2.1 Radar Data and Leader-Follower Pair Identification

This study uses a fused roadside radar trajectory dataset collected along a four-lane
divided arterial corridor in Tuscaloosa, Alabama. The dataset was produced using the
multi-sensor framework described in [7], [15], resulting in a dataset of continuous lane-
aligned trajectories along the corridor. Each trajectory record includes the longitudinal
position in the Frenet frame, the speed signal, a radar-based estimate of vehicle length,
lane assignment and lane index, and, when available, the identifier of the vehicle di-
rectly ahead. These fields support the identification of leader—follower relationships,
the computation of spacing and headway, and the assignment of vehicles to length-
based categories. The fused and resampled trajectories form the common data source
for the car-following analysis, the SUMO simulations, and the fuel-consumption analysis
across Cars, SUVs, Trucks, and Class-8 vehicles.

Figure 1 summarizes the radar-derived follower speed profiles as a function of cumu-
lative distance by vehicle category. The profiles show repeated speed reductions along
the corridor, consistent with operation through the signalized intersections. The mean
speed does not generally fall to zero, indicating that not all vehicles stop at each signal.
Mean speeds are higher near the beginning and end of the plotted corridor than in the
middle portion, which is consistent with the radar domain not extending to the upstream
and downstream signals outside the captured segment.

2.2.2 Vehicle Length Extraction and Classification

Differing from our prior works on trajectory calibration, the radar-reported vehicle length
is used to classify vehicles into the most common types found on the road in the local
region. The reported radar length varies along a trajectory due to changes in viewing
angle and partial detections. To obtain a stable per-vehicle estimate, a single represen-
tative length is defined as the maximum reported value over the trajectory,
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Table 1. Gaussian length distribution parameters used for radar-based vehicle categorization.

Category u(m) o(m) LowerBound(m) UpperBound (m)

Car 478 042 4.06 5.49
SuvV 497 0.38 4.32 5.61
Truck 572 0.67 4.57 6.86
Class-8 1575 2.48 11.50 20.00
Linax() = m;’:lx Ly(i, t). 3)

Here, L,.«(i) is the representative length assigned to vehicle i, Ly(i,t) is the radar-
reported length of vehicle i at time ¢, and max, denotes the maximum value over all
observations in the trajectory. Using the maximum reduces sensitivity to systematic un-
derestimation that occurs when only a portion of a vehicle is captured within the sensor
field of view [15]. However, this approach can be sensitive to occasional overestimation
when detections are affected by tracking errors or closely spaced vehicles. To reduce
this effect, the classification procedure does not assign vehicles to a category when
their representative length falls outside the published category length bounds. This
scalar length measure serves as the primary input for vehicle category assignment.

Vehicles are assigned to four classes using the Gaussian length-based procedure
where each radar-observed vehicle is assigned to one of four categories, Car, SUV,
Truck, or Class-8, based on the statistical likelihood of its representative length under
category-specific distributions.

For each category, a normal distribution is defined using published vehicle length
ranges. Length ranges for Cars, SUVs, and light-duty Trucks are taken from publicly
reported vehicle dimension statistics [16]. The Class-8 length range is taken from pub-
lished heavy-vehicle dimensions [17]. The Gaussian parameters are computed directly
from the reported lower and upper bounds, with u defined as the midpoint of the range
and o calculated from the range width under the assumption of a uniform distribution
within the reported limits for each category. The resulting values are summarized in
Table 1. Lower and upper bounds restrict assignments to the published limits.

For each vehicle, the representative length L,.,(i) is evaluated under the four
category-specific distributions. If the length falls outside the admissible range for a
given category, the likelihood for that category is set to zero. Among the remaining cat-
egories, the vehicle is assigned to the category with the highest likelihood. This prob-
abilistic formulation accounts for variability in radar-based length estimates caused by
viewing geometry and partial detections.

The fused radar dataset contains 73,084 vehicle trajectories collected over the 24-
hour study period [7]. After applying the leader—follower identification procedure 2,351
valid leader—follower pairs remain. In this context, valid pairs are retained pairs with an
identified leader, sufficient temporal overlap between the leader and follower trajecto-
ries, consistent lane assignment, and physically meaningful leader—follower ordering.
Invalid cases include trajectories without an assigned leader, insufficient shared ob-
servation time, lane mismatches, or inconsistent longitudinal ordering. The Gaussian
length classification is applied to the follower vehicles within these pairs. Of the 2,351
follower vehicles in valid pairs, 1,815 fall within the defined length bounds and are cat-
egorized as 250 Cars, 607 SUVs, 878 Trucks, and 80 Class-8 vehicles.
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Figure 2. Number of radar-derived follower trajectories assigned to each vehicle category.

Figure 2 presents the distribution of classified follower trajectories. These vehicle
class labels are retained throughout the study so that car-following behavior and fuel-
consumption analyses are reported consistently by vehicle category.

2.2.3 Car-Following Metrics

The fused radar trajectories provide lane-aligned measurements of leader and follower
motion at a uniform sampling interval of 0.1s. For each observation, the dataset in-
cludes the longitudinal position in the Frenet frame, the follower velocity, a radar-based
estimate of vehicle length, and an identifier for the vehicle directly ahead when a leader
is present. These quantities are sufficient to construct kinematic measures that describe
longitudinal car-following behavior.

Spacing is defined as the bumper-to-bumper distance between the leader and the
follower,

g(t) = slead(t) - Sfollow(t) - Llead(t)’ (4)
where s,4(t) and s 0w (t) denote the Frenet-aligned longitudinal positions of the leader
and follower, respectively, and Li.,4(¢) is the radar-reported length of the leader vehicle.

Time headway is computed as

_ Slead(t) B Sfollow(t)
T(t) B Ufollow(t) ’ (5)

which represents the instantaneous temporal separation between vehicles.

Follower acceleration is approximated by differentiating the follower velocity signal
with respect to time using the fixed 0.1s sampling interval. This finite-difference ap-
proximation provides a consistent estimate of longitudinal acceleration across all tra-
jectories.

After spacing, headway, speed, and acceleration are computed, observations that are
not physically meaningful are excluded from further analysis. These include instances
of negative spacing and headway values inflated by follower velocities approaching
zero. While not prevalent in the dataset, this filtering step ensures that subsequent
analyses reflect realistic vehicle motion.
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For each radar-identified follower trajectory, summary measures are extracted over
the overlapping leader-follower interval. These include the minimum spacing, so min.
and minimum time headway, 7,,,, observed during the interaction, along with the 95th
percentile positive acceleration, ays, and the 95th percentile deceleration magnitude,
bys. The 95th percentile acceleration and deceleration values are used to reduce the
influence of isolated acceleration or deceleration spikes while still representing stronger
longitudinal responses within each trajectory. Near-zero acceleration and deceleration
observations were retained in the trajectory data when these summary measures were
computed. Differentiating from prior work, the resulting distributions characterize longi-
tudinal behavior across the four vehicle categories, rather than as a combined dataset,
and form the basis for the comparative analyses presented in the following sections.

Figure 3 summarizes the empirical distributions of the computed car-following metrics
for radar-identified follower vehicles. Distributions are shown by vehicle category and
for the Combined group. The Combined group represents the full set of radar-identified
follower trajectories prior to vehicle categorization and reflects the overall longitudinal
behavior observed in the dataset.

The light-duty categories, Cars, SUVs, and Trucks, exhibit similar distributions in ags
and bys. Most trajectory-level values remain below approximately 3—4 m/s?, indicat-
ing moderate longitudinal responses under the signalized corridor conditions. Class-8
vehicles show a shift in time headway toward larger values, with upper percentiles ex-
ceeding 5 s. This indicates longer following gaps relative to light-duty traffic. Minimum
spacing distributions are broadly comparable across categories, although Class-8 ve-
hicles tend to operate at slightly larger typical gaps.

The ays and by distributions for Class-8 vehicles overlap with those of the light-duty
categories, reflecting similar ranges of observed longitudinal response. A slight shift
toward larger values is visible for Class-8 vehicles, but differences between categories
are more evident in following behavior. Class-8 vehicles exhibit larger time headway
values, with a median of 2.65 s compared to approximately 2.0 s for Cars, SUVs, and
Trucks. Minimum spacing values are also larger for Class-8 vehicles, with a median of
7.22 m compared to approximately 5-6 m for the light-duty categories. These observed
differences in headway and spacing indicate that Class-8 vehicles maintain larger lon-
gitudinal separation in the measured radar trajectories.

2.2.4 Fuel Estimation Methods

Fuel consumption is estimated using the PHEMIight emissions model as implemented
within SUMO. Measured radar leader trajectories are replayed in SUMO via TraCl, while
follower vehicles are simulated using the selected car-following model and parameter
set. Fuel consumption is computed internally by SUMO using PHEMIight, which pro-
vides fuel-rate estimates based on the simulated vehicle dynamics and the assigned
vehicle class [18], [19].

Each simulated follower is assigned an emissions class consistent with its radar-
based vehicle category. Passenger cars use a gasoline passenger-car class, while
SUVs and light-duty trucks use a light commercial vehicle class. Class-8 vehicles are
assigned a heavy-duty diesel tractor—trailer class, following the PHEMIight definitions
available within SUMO [19]. Only follower vehicles are retained for analysis, since the
objective is to evaluate how differences in simulated following behavior influence fuel
consumption.
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Figure 3. Kernel density estimates of car—following metrics computed from the fused radar trajectories.
The four panels show the distributions of 95th percentile positive acceleration, aqs, minimum
time headway, T, 95th percentile deceleration magnitude, bys, and minimum spacing, so min,
for all vehicles and for each radar-based category.

SUMO provides instantaneous fuel-rate outputs for each simulated vehicle through
the PHEMIight emissions interface. In the exported emissions files, fuel rate is reported
in milligrams per second, mg/s. For each follower trajectory, fuel rate is integrated over
time using the simulation timestep to obtain total fuel mass. The resulting fuel mass is
converted to liters using a category-specific fuel density. Trajectory-level fuel consump-
tion is reported in L/100 km by normalizing total fuel volume by the distance traveled,
allowing trajectories with different travel distances to be compared on a common basis.
Distance is computed from the simulated longitudinal position over the trajectory.

2.3 SUMO Simulation Setup

The SUMO experiments build on the leader-follower evaluation framework presented
in [7] and use the SUMO microsimulation platform for trajectory replay and follower
simulation [19] to support vehicle-category analysis and the fuel estimation methods
described in Section 2.2.4. All simulations are conducted on a single straight link of
length 1.5 km, which is sufficient to accommodate the full extent of the radar-derived
trajectories. The link speed limit is set to 22.35m/s to match the posted limit on the
study corridor.

For each radar-identified leader—follower pair, the measured leader trajectory is im-
posed through TraCl. At every simulation step, the leader’s longitudinal position and
speed are set to the corresponding radar values. The follower vehicle is simulated us-
ing one of the car-following models introduced earlier in the Methods section. SUMO
records the follower speed, position, and spacing relative to the radar-based leader,
enabling direct trajectory-level comparison with the observed follower behavior.

Vehicle categories obtained in Section 2.2.2 are incorporated directly into the simu-
lation setup. Each follower is assigned a SUMO vClass consistent with its radar-based
category, ensuring that the associated PHEMIight emission class aligns with the repre-
sentative vehicle class used for fuel estimation. This preserves consistency between
vehicle categorization, simulated dynamics, and fuel estimation.
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To support the fuel analysis, each simulation produces an emissions output file con-
taining PHEMIight fuel-rate estimates aligned with the simulated trajectories. Other
simulation settings follow the configuration reported in [7], including ballistic integration
and a 0.1 s simulation step, consistent with the resampled radar trajectories. Emission
outputs are recorded at the same temporal resolution.

The Intelligent Driver Model (IDM) is evaluated. For each vehicle category, simula-
tions are conducted using the default SUMO parameter set and a calibrated param-
eter set obtained using the NRMSE; , , objective described in [7]. This setup yields
category-consistent simulated trajectories and PHEMIight fuel-rate outputs, providing a
common basis for evaluating how car-following behavior and calibration state influence
fuel-consumption estimates across vehicle classes.

3 Results

This section reports car following and fuel consumption results from the radar-based
leader-follower simulations and radar-based estimates described in Section 2.2. Re-
sults are reported by vehicle category. The vehicle categories are Car, SUV, Truck, and
Class-8. Results compare the default IDM parameter set with parameters calibrated us-
ing the NRMSE; ,, , objective, which reduces the combined normalized error in follower
spacing, velocity, and acceleration.

Results first summarizes how calibrated parameter values vary by vehicle category.
Then an evaluation of trajectory level reproduction error in spacing, velocity, and ac-
celeration is presented followed by a focused Class-8 analysis to examine sensitivity to
representing heavy trucks with passenger car assumptions. Finally, fuel consumption
results across categories using PHEMIight within SUMO highlight potential impact of
the driver behavior calibration and classification determination.

3.1 Car-Following Behavior by Category

This subsection examines how calibrated car-following parameters vary across vehicle
categories, with emphasis on differences between Class-8 vehicles and light-duty traf-
fic. Results are presented by vehicle category to identify category-dependent trends
within the IDM formulation.

In addition to the category-specific calibrations, an uncategorized or Combined cal-
ibration is included in which all trajectories are pooled prior to vehicle categorization
and simulated in SUMO using passenger-car vehicle definitions. This case primarily
reflects light-duty driving behavior and is used as a baseline reference for interpreting
category-specific deviations.

Figure 4 presents the calibrated parameter distributions for IDM. That is, the distri-
bution of best fit parameters across all vehicles in each category that best minimized
the NRMSE for spacing, speed, and acceleration. By combining the best fit parameters
in this way, the distribution of driver behavior is captured rather than simply the mean
value.

For the acceleration parameter, Cars, SUVs, and Trucks closely track the combined
calibration, which has a median value of 2.601 m/s? while Class-8 vehicles exhibit lower
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Figure 4. Distributions of calibrated IDM parameters for each vehicle category compared with the com-
bined calibration. Thick black curves show the combined (uncategorized) calibration, while
colored dashed curves show the category-specific results.

acceleration values, with a median of 2.052 m/s?. Differences between categories are
similar for time headway parameter, 7, with combined calibration having a median of
1.781 s, and Cars, SUVs, and Trucks having very similar values. Again, in contrast, the
Class-8 distribution shifts toward larger headways, with a median of 2.693 s.

For deceleration and minimum gap parameters, slight differences between all clas-
sifications emerge though Class-8 is still the most distinct among the four. In fact, the
Class-8 behavior seems to show bimodal distributions indicating distinct driving condi-
tions. Further analysis of raw data would be required, but it is not hard to imagine a
harder deceleration event leading to a shorter minimum gap. This is not necessarily
the drivers desired behavior, but a consequence of surrounding traffic.

These trends are largely intuitive based on how a commercial vehicle operator of a
large truck would likely have a different and more conservative mindset when following
traffic through a signalized corridor. These parameter differences correspond directly
to the measured radar trajectory behavior shown in Figure 3. The calibrated IDM ac-
celeration parameter for Class-8 vehicles is lower than that of the light-duty categories,
and the calibrated time headway parameter is larger. These differences are consistent
with the longer headways and larger spacing values observed in the measured radar
trajectories. This agreement indicates that the calibrated IDM parameters capture the
primary category-specific trends observed in the measured radar data.

3.2 Calibration Error

The calibrated IDM parameter distributions presented in Section 3.1 are the set of pa-
rameters that best match the observed follower behavior. Here, the calibration is evalu-
ated using trajectory-level reproduction error, NRMSE; , ,, in the final calibrated behav-
ior for each vehicle in the category specific dataset. Figure 5 presents trajectory-level
RMSE distributions for the default IDM parameter. Note that trajectories flagged as
collisions were excluded from this analysis. Only one simulated trajectory was flagged
as a collision and excluded from the analysis, occurring in the uncalibrated SUV case.
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Figure 5. Distributions of trajectory-level RMSE in spacing, velocity, and acceleration for the default IDM
parameter set and the NRMSE; ,, , calibrated IDM simulations, shown by vehicle category.
Boxes indicate the interquartile range with the median marked, and whiskers extend to the
most extreme values excluding outliers.

It is clear that across all vehicle categories, calibration reduces the median RMSE in
spacing, velocity, and acceleration. The largest reductions occur in spacing error, fol-
lowed by velocity, while acceleration shows smaller changes. The interquartile ranges
are also much narrower after calibration.

For Class-8 vehicles, median spacing RMSE decreases from 14.95 m under the de-
fault parameters to 3.40 m after calibration. In the light-duty categories, spacing RMSE
decreases from 8.22 m to 2.00 m for Cars, from 9.34 m to 2.41 m for SUVs, and from
10.37 m to 2.53 m for Trucks. The Combined category decreases from 10.22 m to
2.46 m.

Velocity RMSE decreases across categories as well. Focusing on Class-8 vehicles,
velocity RMSE decreases from 2.19 m/s to 1.15 m/s. Acceleration RMSE decreases
in all categories, although the magnitude of improvement is smaller than for spacing
and velocity. For Class-8 vehicles, acceleration RMSE decreases from 0.94 m/s? to
0.74 m/s2.

After calibration, Class-8 vehicles retain slightly higher median RMSE values than
Cars, SUVs, and Trucks across spacing, velocity, and acceleration. This could be for
a number of reasons, but most likely is due to the challenges in classifying the Class-8
trucks in the radar dataset and then filtering the data effectively. Due to large size of
the Trailers, the apparent position reported can change in step fashion as the centroid
of the object detected can shift resulting in non-physical apparent position dynamics.

3.3 Class-8 Behavior

Clearly, the Class-8 trucks have different behavior, but it remains to be seen the ef-
fect of this on broader simulation. Of course SUMO includes default parameters for
heavy trucks with trailers. The results in Section 3.2 evaluated Class-8 trajectories
in SUMO using a heavy-duty vehicle-type definition, denoted as Class-8 in the fig-
ures. This subsection examines whether the reproduction of Class-8 following behavior
changes when the same radar-observed leader—follower trajectories are simulated us-
ing a passenger-car vehicle-type definition denoted as Class8-PC. In this comparison,
the same observed trajectories are used, while the follower vehicle-type assignment is
changed from trailer to passenger car. This could occur in simulations without knowl-
edge of vehicle classification or without vehicle classification distribution knowledge.
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Figure 6. Distributions of trajectory-level RMSE in spacing, velocity, and acceleration for Class-8 and
Class8-PC vehicle representations using the IDM car-following model. Results are shown for
uncalibrated simulations and simulations calibrated using NRMSE; ,, ;.

To isolate the effect of the vehicle representation, the same observed trajectories,
imposed leader motion, calibration procedure, and simulation configuration are used in
both cases. The only difference between the two simulations is the vehicle-type assign-
ment applied to the follower vehicle, including its associated emission class in PHEM-
light. Figure 6 compares trajectory-level RMSE in spacing, velocity, and acceleration
for Class-8 and Class8-PC simulations under uncalibrated parameters and parameters
calibrated using NRMSE, , ,.

For the uncalibrated simulations, spacing RMSE is higher under the Class8-PC repre-
sentation. The median spacing RMSE increases from 14.95 m under Class-8t0 19.98 m
under Class8-PC. Velocity RMSE differs less between the two representations, with
the median increasing from 2.19 m/s to 2.37 m/s. Acceleration RMSE also increases
under Class8-PC, from 0.94 m/s? to 1.07 m/s?. This shows that by using the correct
vehicle-type assignment, which uses different default CF parameters, there is some im-
provement to the overall ability to represent the real-world observations. However, after
calibration there is really no difference in observed behavior as the default parameters
are superseded.

While the RMSE results summarize trajectory-level reproduction error, they do not
describe how well the simulated trajectories reflect the distribution of observed Class-8
behavior over the full trajectories. Empirical cumulative distribution functions (ECDFs)
are used in lieu of analyzing individual trajectories as shown in Figure 7 for follower
velocity, acceleration, and time headway. In an ECDF, the y-axis represents the cu-
mulative fraction of observations at or below each value on the horizontal axis. Results
are shown for the Class-8 and Class8-PC representations under uncalibrated parame-
ters and parameters calibrated using NRMSE; ,, , and compared to the radar measured
distributions.

In the uncalibrated/default simulations, differences between the two representations
are most apparent in the acceleration and headway distributions with large deviation
from the real-world behavior. Specifically, the default parameters have generally too
aggressive of an acceleration, do not modulate the acceleration as speed increases
and have non-physical peak acceleration behavior due to lack of distributional data
in default configuration. Further, the default parameter headway for both passenger
and trailer vehicle-types still have much shorter headway than drivers in the test region
seem to prefer. After the calibration procedures, the separation between the Class-8
and Class-8-PC cases is reduced across velocity, acceleration, and headway. Calibra-
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Figure 7. Empirical cumulative distribution functions (ECDFs) of follower velocity, acceleration, and
headway for Class-8 and Class8-PC vehicle representations using the IDM. Results are shown
for uncalibrated simulations and simulations calibrated using NRMSEg , .

tion improves distributional alignment and are consistent with the trajectory-level RMSE
results. Of course, the regional driving behavior is not guaranteed to capture other ar-
eas so before making suggestions to update default parameters it would be desirable
to do similar evaluation in other cities and countries.

3.4 Fuel-Consumption Estimates Across Categories

After evaluating the classification-specific driving behavior, the discussion will now shift
to focus on the impacts to trajectory-level fuel consumption estimations. PHEMIight-
based fuel consumption is obtained from the IDM simulations described in Section 2.3,
In all cases, emission classes and vehicle parameters are assigned according to the
radar-based vehicle category. Fuel consumption is reported per trajectory by integrating
instantaneous fuel rate over time and normalizing by distance traveled to yield L/100 km.

Figure 8 presents trajectory-level PHEMIight fuel-consumption distributions for the
Default and NRMSE; , , calibrated IDM parameter sets, shown by vehicle category. For
each vehicle category, calibration reduces the median fuel consumption. The median
decreases by 12% for Cars, 10% for SUVs, 8.5% for Trucks, and 12.7% for Class-8
vehicles.

For Cars, SUVs, and Trucks, the interquartile ranges are similar between the Default
and calibrated cases, and the distributions overlap. Class-8 vehicles exhibit a substan-
tially larger spread than the light-duty categories under both parameter sets. These
fuel-consumption trends align with the reproduction-error results reported in Section 3.2,
where calibration reduced spacing and velocity error across categories.
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Figure 8. Trajectory-level PHEMIight fuel-consumption distributions under the Default and NRMSE; ,, ,
calibrated IDM parameter sets. The left panel shows Cars, SUVS, and Trucks. The right panel
shows Class-8 vehicles. Boxes indicate the interquartile range with the median marked, and
whiskers extend to the most extreme values excluding outliers.

4 Summary, Conclusions & Future Work

This work evaluated how well the Intelligent Driver Model (IDM) reproduces observed
leader—follower behavior across vehicle categories and how these behavioral differ-
ences influence PHEMIight fuel-consumption estimates in SUMO. Using fused road-
side radar extracted real-world trajectories from a 1.5 km signalized corridor, measured
leader motion was replayed in SUMO via TraCl and follower trajectories were simu-
lated using the IDM car following model. Followers were classified into Cars, SUVSs,
light-duty Trucks, and Class-8 vehicles using radar-reported length. Model performance
was quantified using trajectory-level RMSE in spacing, velocity, and acceleration, and
fuel consumption was computed from SUMO emissions outputs using PHEMIight.

Across all categories, calibration reduced trajectory-level RMSE in spacing, veloc-
ity, and acceleration. The largest reductions occurred in spacing, while velocity and
acceleration showed smaller changes. After calibration, Class-8 trajectories retained
higher reproduction error than Cars, SUVs, and light-duty Trucks across all three met-
rics, indicating that heavy-truck following behavior was less well captured within the
IDM framework under the study conditions or that the radar obtained trajectories may
be of lower quality.

Regardless, this focused Class-8 representation analysis compared simulations us-
ing default and calibrated IDM models when treating Class-8 trucks as both vClass
passenger and trailer. A situation that would be common if models are not aware of the
vehicle classification. Under the default parameter sets, the Class8-PC case (i.e. treat
a Class-8 vehicle as a passenger car) exhibited high spacing and acceleration error.

Fuel-consumption results varied by calibration state and vehicle category as may
be expected with PHEMIight fuel-consumption medians decreasing after calibration for
each category, with the largest absolute reduction observed for Class-8 vehicles. These



M. Al Abdraboh etal | SUMO Conf Proc 7 (2026)

changes occur alongside the reductions in spacing and velocity error reported in Sec-
tion 3.2, indicating that trajectory-level calibration can materially affect energy estimates
derived from microsimulation.

Future work will expand the set of usable Class-8 leader—follower pairs and further
evaluate heavy-vehicle representation within the trajectory-replay framework. The cur-
rent dataset contains fewer classified Class-8 pairs than the light-duty categories after
filtering and quality checks, which limits coverage of operating conditions. Increasing
the Class-8 sample will support more robust calibration and evaluation across a wider
range of speeds and interactions. Additional work will also refine heavy-vehicle trajec-
tory processing and classification to reduce uncertainty associated with tractor—trailer
detections and to strengthen category-specific interpretation of microsimulation outputs
used for energy and emissions analysis.
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Appendix: Calibrated CF-Model Parameters

The results and analysis in the main document focused on the impacts of the vehicle
type classification on the trajectory level reproduction and fuel consumption estima-
tions. Similar trends were observed for the other CF models studied so their detailed
analysis was not included. For completeness, the following tables presents the cali-
brated parameter sets for IDM, EIDM, Krauss and W99, for each vehicle type in similar
format to those shared previously [7]. The tables present the calibrated mean (u) val-
ues along with description of the distributions as standard deviation (o), and the 10th,
50th, and 90th (B,_¢0:) percentiles. The lower and upper bounds of the optimization
constraints are also shown for reference. Certain parameters were further constrained
to be multiples of the simulation step size, such as actionStepLength.

The SUMO default values for the passenger car class or trailer class are also pro-
vided for reference, with the value being given as the u. These distributions can be
used to generate vehicle distribution files that capture the diverse driver behavior and
avoid having each vehicle use the same CF model parameters.
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Table 2. Calibrated results of the IDM CF-model with default parameters for vClass passenger and trailer
included. LB stands for the lower-bound on optimization and UB the upper bound. All parame-
ters are in the naming convention and units presented in the SUMO documentation.

Calibration Cal. Calibrated Parameters
Parameter LB UB Target U ol Boy Roy Bsy
Default Passenger 2.60 - - - -
Cars 266 124 110 255 497
accel 01 6.0 SUVs 274 132 116 261 5.16
' ' Trucks 268 130 1.04 255 511
Default Trailer 1.00 - - - -
Class-8 226 1.38 057 205 5.01
Default Passenger 0.10 - - - -
Cars 0.32 0.25 0.10 0.20 0.90
. SUVs 0.35 0.25 0.10 0.30 0.90
a
actionStepLength 0.1 1.0 o 0.35 026 0.0 0.30 0.90
Default Trailer 0.10 - - - -
Class-8 0.45 0.31 0.10 0.40 0.97
Default Passenger  4.50 - - - -
Cars 288 1.75 0.72 2.68 6.09
decel 01 70 SUVs 296 186 0.63 277 6.46
’ ' Trucks 277 178 0.65 247 6.08
Default Trailer 4.00 - - - -
Class-8 3.19 2.02 040 3.13 6.41
Default Passenger 4.00 - - - -
Cars 473 234 139 4.89 8.67
SUVs 481 237 156 4.82 8.81
delta L0 100 ks 467 234 158 450 9.01
Default Trailer 4.00 - - - -
Class-8 521 259 165 484 9.61
Default Passenger 2.50 - - - -
Cars 440 234 141 4.44 8.75
. SUVs 405 234 1.02 3.8 8.14
minGap 017200 ks 422 234 107 414 864
Default Trailer 250 - - - -
Class-8 511 2.79 129 468 9.78
Default Passenger 1.00 - - - -
Cars 1.19 0.27 083 1.17 1.68
SUVs 1.19 0.27 084 1.18 1.68
speedFactor 08 18 ks 118 028 081 1.16 1.69
Default Trailer 1.00 - - - -
Class-8 1.21 027 089 117 1.62
Default Passenger 0.25 - - - -
Cars 054 0.22 0.24 056 0.92
stepoing @ 01 10 SUVs 055 0.22 0.25 0.53 0.95
ppIng - Trucks 054 024 021 053 094
Default Trailer 0.25 - - - -
Class-8 054 0.24 0.21 0.57 0.93
Default Passenger 1.00 - - - -
Cars 194 103 083 174 414
tau 01 50 SUVs 193 101 082 173 3.88
’ ’ Trucks 194 1.06 0.74 1.76 4.03
Default Trailer 1.00 - - - -
Class-8 276 1.13 1.47 269 4.67

4Constrained in optimization to a multiple of the simulation step size
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Table 3. Calibrated results of the EIDM CF-model with default parameters for vClass passenger and
trailer included. LB stands for the lower-bound on optimization and UB the upper bound. All
parameters are in the naming convention and units presented in the SUMO documentation.

Calibration Cal. Calibrated Parameters
Parameter LB UB Target U ol Boy Roy Bsy
Default Passenger 2.60 - - - -
Cars 253 130 096 237 4.90
accel 01 6.0 SUVs 246 126 0.88 2.34 4.68
’ ' Trucks 245 125 092 230 4.79
Default Trailer 1.00 - - - -
Class-8 2.15 139 0.60 197 4.69
Default Passenger 0.10 - - - -
Cars 0.21 0.18 0.10 0.10 0.60
. SUVs 0.22 0.19 0.10 0.10 o0.70
a
actionStepLength 0.1 1.0 o 022 019 010 0.10 0.70
Default Trailer 0.10 - - - -
Class-8 0.34 025 0.10 0.30 0.90
Default Passenger  4.50 - - - -
Cars 268 163 055 268 572
decel 01 7.0 SUVs 248 179 0.29 2.17 5.99
’ ' Trucks 249 181 0.38 2.22 6.08
Default Trailer 4.00 - - - -
Class-8 248 201 0.14 201 6.29
Default Passenger 4.00 - - - -
Cars 517 229 1.72 5.27 9.26
SUVs 528 231 208 530 9.29
delta L0 100 ks 515 2.34 1.81 515 927
Default Trailer 4.00 - - - -
Class-8 527 224 231 5.04 09.07
Default Passenger 2.50 - - - -
Cars 431 240 1.42 4.07 8.84
. SUVs 413 228 1.14 399 8.34
minGap 017200 ks 421 244 094 411 871
Default Trailer 250 - - - -
Class-8 512 255 162 489 951
Default Passenger 1.00 - - - -
Cars 1.23 0.28 083 1.24 1.72
SUVs 1.19 0.28 081 1.19 1.68
speedFactor 08 18 ks 119 029 080 1.18 1.68
Default Trailer 1.00 - - - -
Class-8 1.21 030 0.81 1.17 1.75
Default Passenger 0.25 - - - -
Cars 053 0.22 0.22 0.54 0.89
Sfeopif 2 01 1.0 SUVs 0.53 0.23 0.21 053 0.92
ppIng - Trucks 056 0.23 024 055 0.95
Default Trailer 0.25 - - - -
Class-8 056 0.25 0.22 0.55 0.99
Default Passenger 1.00 - - - -
Cars 215 107 093 201 4.14
tau 01 50 SUVs 2.18 113 0.83 2.01 4.19
) ’ Trucks 2.20 113 0.85 210 4.38
Default Trailer 1.00 - - - -
Class-8 3.02 131 130 291 4.97

4Constrained in optimization to a multiple of the simulation step size
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Table 4. Calibrated results of the Krauss CF-model with default parameters for vClass passenger and
trailer included. LB stands for the lower-bound on optimization and UB the upper bound. All
parameters are in the naming convention and units presented in the SUMO documentation.

Calibration Cal. Calibrated Parameters
Parameter LB UB Target u o) Boy Roy Bsy
Default Passenger 2.60 - - - -
Cars 262 135 1.10 247 5.08
accel 01 70 SUVs 253 131 1.05 234 5.03
Trucks 264 140 1.08 245 547
Default Trailer 1.00 - - - -
Class-8 283 171 090 261 6.44
Default Passenger 0.10 - - - -
Cars 0.37 0.27 0.10 0.30 0.90
. a SUVs 0.38 0.27 0.10 0.30 0.90
actionStepLength® - 0.1 1.0 040 028 010 030 0.90
Default Trailer 0.10 - - - -
Class-8 0.49 0.29 0.10 050 1.00
Default Passenger 4.50 - - - -
Cars 3.79 158 162 3.82 6.29
decel 01 70 SUVs 378 153 171 388 6.21
Trucks 366 154 169 366 6.28
Default Trailer 400 - - - -
Class-8 338 163 135 3.45 6.03
Default Passenger 0.50 - - - -
Cars 0.34 0.21 0.12 0.27 0.77
sigma 01 1.0 SUVs 035 0.21 0.13 0.30 0.77
Trucks 0.34 0.21 0.12 0.29 0.75
Default Trailer 050 - - - -
Class-8 0.32 0.17 0.13 0.29 0.63
Default Passenger 0.10 - - - -
Cars 048 0.22 0.19 0.49 0.83
sigmaStep 01 1.0 SUVs 0.49 0.22 0.19 0.48 0.88
Trucks 050 0.23 0.19 0.49 0.90
Default Trailer 0.10 - - - -
Class-8 050 0.21 0.16 053 0.81
Default Passenger 1.00 - - - -
Cars 1.29 025 096 1.28 1.73
SUVs 128 0.25 094 127 1.72
speedFactor 08 18  qricks 1.30 025 096 1.30 1.72
Default Trailer 1.00 - - - -
Class-8 1.31 024 103 132 1.77
Default Passenger 1.00 - - - -
Cars 210 1.10 0.89 1.81 4.38
tau 05 5.0 SUVs 212 112 088 185 451
Trucks 207 111 081 186 4.35
Default Trailer 1.00 - - - -
Class-8 250 1.14 0.89 242 471

2Constrained in optimization to a multiple of the simulation step size
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Table 5. Summary statistics for the calibrated W99 model. LB stands for the lower-bound on optimization
and UB the upper bound. All parameters are in the naming convention and units presented in
the SUMO documentation.

Calibration Cal. Calibrated Parameters
Parameter LB uB Target M o Pioq, Psqq Pysq
Default Passenger 0.10 - - - -
Cars 0.42 0.28 0.10 0.40 0.90
. SUVs 0.41 0.27 0.10 0.40 0.90
actionStepLength# 0.1 L0 Trucks 041 027 010 030 0.90
Default Trailer 0.10 - - 1 -
Class-8 0.50 0.28 020 0.50 1.00
Default Passenger 1.30 - - - -
Cars 1.51 0.94 0.42 1.36 3.20
SUVs 1.60 0.92 0.57 1.46 3.28
cel 0.0 50 Trucks 1.61 093 049 1.52 3.28
Default Trailer 1.30 - - - -
Class-8 2.23 0.95 1.15 2.23 3.84
Default Passenger 8.00 - - - -
Cars 5.86 2.32 2.89 5.91 9.46
SUVs 5.98 2.28 2.82 6.01 9.51
ce2 0.0 100 Trycks 5.83 241 259 5.83 9.64
Default Trailer 8.00 3 - - -
Class-8 5.83 271 1.92 5.93 9.98
Default Passenger -12.00 - - - -
Cars -10.93 4.69 -17.21 -10.61 -3.43
SUVs -11.38 4.75 -18.27 -11.35 -3.08
ce3 200 0.0 ks 1097 475 -17.43  -10.94  -2.97
Default Trailer -12.00 - - - -
Class-8 -10.75 4.30 -16.66 -11.14 -3.41
Default Passenger -0.25 - - - -
Cars -1.83 1.19 -3.43 -1.71 -0.14
SUVs -1.80 1.28 -3.70 -1.66 -0.12
ce4 5.0 00 ks 182 123 357  -170  -0.10
Default Trailer -0.25 - - - -
Class-8 -1.78 128  -3.52 -1.69 -0.05
Default Passenger 0.35 - - - -
Cars 2.00 1.38 0.33 1.74 4.49
SUVs 2.00 1.32 0.33 1.92 4.47
ce5 01 50 Trucks 1.98 135 032 1.73 4.43
Default Trailer 0.35 - - - -
Class-8 2.40 1.26 0.87 2.18 4.49
Default Passenger 6.00 - - - -
Cars 7.64 4.95 1.05 7.72 17.30
SUVs 7.30 4.86 1.46 6.72 16.58
ccé 01 200 Tryucks 7.33 485 135 6.80 16.78
Default Trailer 6.00 - - - -
Class-8 6.81 5.38 0.91 4.84 16.35
Default Passenger 0.25 - - - -
Cars -0.03 0.48 -0.73 -0.07 0.82
SUVs -0.10 0.48 -0.75 -0.09 0.79
ce? 10 10 ks 008 049 -072 009 081
Default Trailer 0.25 - - - -
Class-8 -0.01 056 -0.77 -0.00 0.93
Default Passenger 2.00 - - - -
Cars 2.48 1.80 0.68 1.87 6.07
SUVs 2.56 1.84 0.65 2.03 6.48
ce8 0.0 80 Trucks 2.49 184 070 1.83 6.44
Default Trailer 2.00 - - - -
Class-8 1.97 1.88 0.40 1.38 6.50
Default Passenger 1.50 - - - -
Cars 4.05 1.98 1.44 3.96 7.19
SUVs 3.92 2.08 0.96 3.95 7.46
A 0.0 80 Trucks 3.87 206 112 374 7.37
Default Trailer 1.50 - - - -
Class-8 3.85 2.16 0.66 3.65 7.44
Default Passenger 2.50 - - - -
Cars 6.14 3.97 1.35 5.41 13.61
. SUVs 6.08 4.21 1.08 5.55 14.14
minGap 0.0 200 Trycks 6.28 427 111 5.60 14.00
Default Trailer 2.50 - - - -
Class-8 7.94 4.87 1.09 7.91 16.82
Default Passenger 1.00 - - - -
Cars 1.09 0.20 0.81 1.08 1.41
SUVs 1.07 0.20 0.80 1.06 1.42
speedFactor 08 15 Trucks 1.08 021  0.80 1.06 1.45
Default Trailer 1.00 - - - -
Class-8 1.12 0.20 0.85 1.11 1.42

aConstrained in optimization to a multiple of the simulation step size


https://sumo.dlr.de/docs/Definition_of_Vehicles%2C_Vehicle_Types%2C_and_Routes.html#car-following_model_parameters
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