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Abstract. Accurate calibration of microscopic traffic simulation is important at sig-
nalized intersections, where errors in queue formation and turning behavior can prop-
agate as models scale to larger urban networks. This paper presents a UAV-driven,
distribution-based calibration framework for SUMO that targets cycle-level intersection
dynamics rather than aggregate link counts. Using pNEUMA UAV trajectory data from
Athens, we jointly calibrate key SUMO components that govern intersection behavior,
including car-following (Krauss), lane-changing, and junction interaction parameters.

The observation horizon is segmented into signal cycles, and within each cycle
vehicles are assigned to a signal phase and an exit direction. Cycle data are then ag-
gregated by phase and direction to construct cumulative exit-count curves that act as
distributional targets. Simulated outputs are processed in the same way, and calibra-
tion minimizes discrepancies between observed and simulated curves using the NGOpt
optimizer from the Nevergrad library. To reflect UAV data gaps and avoid error accumu-
lation across cycles, each cycle is reinitialized and simulated independently, enabling
parallel evaluation of objective calls.

Results show stable convergence of NGOpt. For the dominant phase—direction
movement, the normalized objective deviation (nNABC) is as low as 0.46%, while the
maximum cumulative deviation does not exceed two vehicles per cycle in any phase-
direction pair. Compared to SUMO default parameters, median cycle-level MAPE de-
creases by approximately 70% in the higher-volume movements, even when both sce-
narios are initialized from the same UAV-derived vehicle states.

Keywords: UAV-based Traffic Analysis, Traffic Data-Analysis, Data-driven calibration
and validation
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1. Introduction

Microscopic traffic simulation is widely used to study traffic operations, evaluate control
strategies, and support transportation planning and policy analysis. For these appli-
cations, it is essential that simulated traffic dynamics reproduce real-world behavior
with sufficient realism. Calibration refers to the process of adjusting model inputs and
behavioral parameters so that the simulation produces traffic patterns consistent with
observed conditions. Established microsimulation guidelines emphasize calibration as
a necessary step to ensure that simulation results are credible and suitable for opera-
tional use [1]-[3].

Signalized intersections are critical elements of urban traffic networks and are often
locations where congestion first develops. Queues form at intersections and may spill
back to upstream links, affecting adjacent junctions and corridors. Errors in represent-
ing intersection dynamics, such as queue discharge rates, lane utilization, or turning
behavior, can therefore propagate to the network level [1]. Accurate modeling and cal-
ibration of signalized intersections is thus particularly important in urban microscopic
simulation studies.

Calibration practice is strongly influenced by data availability. Many studies rely on
stationary sensors, such as inductive loop detectors, which provide aggregated traffic
counts at fixed locations [4]. Other data sources, including Bluetooth-based sensing,
similarly observe traffic conditions at discrete points and may introduce detection or
classification biases [5]. As a result, calibration objectives are often formulated using
aggregate measures such as link flows or average speeds. While useful for capturing
overall demand and flow patterns, these measures provide limited insight into phase-
level dynamics and turning behavior at signalized intersections [1], [6].

Microscopic simulation platforms such as the Simulation of Urban MObility (SUMO)
provide detailed representations of traffic processes through distinct modeling compo-
nents [7]. In SUMO, car-following models describe longitudinal vehicle interactions,
lane-changing models govern lateral maneuvers, and junction models control behavior
at stop lines and conflict areas. These components jointly determine traffic dynamics
at signalized intersections. In this study, they are calibrated together to capture their
combined influence on intersection-level behavior.

Recent advances in unmanned aerial vehicle (UAV) sensing enable the observation
of a top-down perspective, allowing the extraction of high-resolution vehicle trajectories
across the full spatial extent of intersections. The pNEUMA experiment provides such
trajectory data with high spatial and temporal resolution [8]. Compared to stationary
sensors, UAV trajectories allow direct observation of turning movements, lane usage,
and phase-dependent exit behavior. However, UAV data collection is often fragmented
due to flight duration limits and repositioning.

This paper proposes a UAV-based calibration framework for signalized intersec-
tions in SUMO that leverages trajectory distributions rather than aggregate measure-
ments. The observation period is segmented into individual signal cycles, and vehi-
cle exit times are grouped by phase and direction to construct cumulative exit-count
curves. Simulated outputs are processed identically, and calibration minimizes discrep-
ancies between observed and simulated cumulative curves. To accommodate frag-
mented UAV observations and prevent error accumulation across cycles, each cycle
is simulated independently with reinitialization. Parameter tuning is performed using
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the NGOpt optimizer from the Nevergrad library. The framework jointly calibrates car-
following, lane-changing, and junction-related parameters to improve representation of
intersection-level traffic dynamics.

The remainder of this paper is organized as follows. Section 2 reviews relevant
calibration studies. Section 3 presents the problem formulation and objective function.
Section 5 describes the case study and data processing. Section 6 details the simula-
tion and calibration setup. Section 7 reports the results, followed by conclusions and
future work.

2. Related Work

Calibration of microscopic traffic simulation models has traditionally been driven by the
availability of stationary sensing technologies that provide aggregated observations. In-
ductive loop detectors remain one of the most widely deployed sources of traffic data,
supporting large-scale monitoring but imposing spatial rigidity because they observe
traffic at fixed points [4]. As a result, many calibration studies formulate objectives
over discrepancies between observed and simulated flows or speeds aggregated over
time and space. Within this context, demand calibration has received particular atten-
tion. Bayesian approaches such as CaDyTS adjust individual-level travel demand so
that simulated link flows match time-dependent count observations, using simulation-
compatible fixed-point procedures rather than analytical gradients [9]. While effective
for large-scale networks, these approaches primarily address demand consistency and
do not explicitly calibrate microscopic behavioral parameters that govern intersection
dynamics.

Because simulation-based calibration objectives are often noisy and computation-
ally expensive, derivative-free optimization methods have been widely adopted. Simul-
taneous Perturbation Stochastic Approximation (SPSA) and its variants are attractive
due to their low evaluation cost per iteration, which is independent of the number of
calibrated parameters. Antoniou et al. demonstrated a weighted variant of SPSA (W-
SPSA) that incorporates spatial-temporal correlations among measurements, enabling
simultaneous calibration of demand and supply parameters in large-scale applications
[10]. Lu et al. further applied SPSA-based calibration to dynamic traffic assignment
models using aggregated loop-detector counts over an expressway network, minimiz-
ing normalized discrepancies across sensors and time intervals [6]. These works illus-
trate the scalability of such optimization methods but remain closely tied to aggregated
stationary data.

Calibration studies that explicitly target signalized intersections often rely on trajec-
tory information derived from fixed-point sensing technologies such as roadside cam-
eras. Arafat et al. calibrated microsimulation models at multiple signal-controlled in-
tersections by minimizing discrepancies between observed and simulated saturation
headways, focusing on a limited set of car-following parameters and using manual sen-
sitivity analysis [11]. Ranpura et al. applied a genetic algorithm to calibrate mixed-
traffic microsimulation models at signalized intersections using camera-derived capac-
ity observations [12]. Other studies have adopted sensitivity-driven or data-driven ap-
proaches for intersection calibration in commercial simulators, using fixed-point video
or GPS-tagged fleet data to reproduce queue lengths, travel times, or stop frequen-
cies [13], [14]. While these works highlight the importance of intersection-specific cal-
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ibration, they typically focus on a small subset of behavioral parameters and limited
temporal coverage.

An alternative line of work considers distribution-based calibration, where the objec-
tive is formulated in terms of discrepancies between observed and simulated distribu-
tions rather than aggregate statistics. Antoniou et al. proposed a distribution-based cal-
ibration framework using acceleration data, demonstrating that matching distributions
can better capture variability in driving behavior [15]. Markou et al. further illustrated
this approach using high-resolution trajectory data and normalized error measures [16].
These studies show the potential of distribution-based objectives but generally focus on
simplified networks or individual behavioral components, and do not explicitly address
joint calibration of multiple microscopic models at signalized intersections.

Within SUMO, calibration benefits from the simulator’s open-source architecture
and rich behavioral model set [7]. Existing SUMO calibration studies have predomi-
nantly relied on stationary aggregate targets or demand adjustment techniques, while
joint calibration of car-following, lane-changing, and junction interaction parameters at
signalized intersections using trajectory distributions remains comparatively underex-
plored. This paper addresses this gap by leveraging UAV trajectories within SUMO,
building on distribution-based calibration concepts [15], [16] and scalable gradient-free
optimization methods [6], [10] to propose a cycle-level calibration framework that targets
phase-resolved intersection dynamics.

3. Problem Formulation and Solution Approach
3.1 Calibration Problem Formulation

Problem setup. Consider a signalized intersection operating under a fixed-time signal
plan. A traffic signal cycle is defined as the time interval between two consecutive
repetitions of the same ordered sequence of signal phases. Each cycle consists of a
finite set of phases p € P, where a phase corresponds to a time interval during which
a predefined group of traffic movements receives right-of-way.

Let the observation horizon be partitioned into C consecutive cycles indexed by
¢=1,2,...,C. For each phase p, let T, denote its fixed duration under the signal plan.

Within each cycle, vehicles are classified according to: (i) the phase p € 2 during
which they exit the intersection, and (ii) the exit direction d € D corresponding to their
movement.

Exit-time sets. Let )\, , ; denote the set of vehicles exiting the intersection during
cycle ¢, phase p, and direction d. For each observed vehicle i € IV , 4, let t;’fc’fp,d denote
its observed exit time, expressed relative to the start of the observation horizon. The
corresponding phase-relative exit time is defined as

obs _ (obs start obs
Ti,c,p,d - ti,c,p,d - tc,p ’ 0< Ti,c,p,d < ’1;3’ (1)

where 25" denotes the start time of phase p within cycle ¢, and T, is the fixed phase
duration.

Aggregating phase-relative exit times across all cycles yields the observed exit-time
set for phase—direction pair (p, d):

T = {112 |1 € Nopr €= 1,...,C}. @)
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Let 8 € RP denote the vector of microscopic simulation parameters to be calibrated,
and let
0={0|¢<6<u}

denote the feasible parameter domain.

Given fixed network and control inputs 2V, the microscopic simulator is represented
as the mapping
8(6; ), 3)

which generates simulated vehicle trajectories.

Applying the same grouping procedure to simulation output yields the simulated
exit-time set

Foid"(©). (4)

Although the simulator is written as a deterministic mapping, it incorporates internal
stochastic mechanisms. As aresult, repeated evaluations at the same parameter vector
6 may produce different realizations of 7 S"“(6) and the corresponding objective value
should therefore be interpreted as a n0|sy performance estimate.

Cumulative Exit-Count Curves. For each phase-direction pair (p,d), we repre-
sent exit patterns through a cumulative exit-count curve. Let jl;‘)bs denote the set of
phase-relative exit times for observed vehicles assigned to (p, d). Exit times are aggre-
gated across all cycles as defined in TPObS and Tpf'm(e) so each curve summarizes the
phase-level discharge pattern over the full observation horizon.

The observed cumulative curve of phase p € P and direction d € D is defined as
Obs(t) = Z 1z <t} t €10, T,], (5)
reﬂ’gf’j

where 1{-} is the indicator function. The simulated curve s'm(t | 6) is defined analo-
gously using Z,5"(6).

In implementation, curves are evaluated on a discrete grid t € {0, 1, ..., T,} to match
the time resolution used in post-processing.

Objective Function. The calibration objective z(6) considers the minimization of
the weighted average absolute deviation between observed and simulated cumulative
exit-count curves as

20)= D, D) WpaApal6), (6)

peP deDd

where w, 4 > 0 are the optimization weights with >, , w4 = 1.

Here A, 4(6) denotes the deviation between observed and simulated cumulative
exit-count curves defined as

TP
D |G - g 1 8] (7)

Al) (i(E )
El l I I
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The calibration problem is therefore formulated as

rene [ 8 z(0) (8a)

subject to:
{ 8(6; N) (8b)
£<0<u (8c)

The objective function z(6) is evaluated through microscopic simulation and does
not admit a closed-form analytical expression, as the mapping 8(6; ) is highly non-
linear, and the resulting response surface may be non-convex with multiple local min-
ima. Furthermore, stochastic components of the simulator introduce noise in objective
evaluations [10], [17]. These characteristics motivate the use of derivative-free opti-
mization methods suitable for noisy black-box problems.

3.2 Solution Algorithm

Optimization problem (8) is solved using the NGOpt optimizer from the Nevergrad library
[18]. NGOpt is a derivative-free optimization framework designed for high-dimensional
black-box objective functions.

At iteration k, the optimizer proposes a candidate 6,. The simulator 8(6;; V) is ex-
ecuted, cumulative curves are constructed, and the objective value z(6,) is computed.
The optimizer updates its internal search state based on observed objective values until
predefined maximum iterations are exhausted.

To prevent error accumulation across cycles and reflect fragmented UAV observa-
tions, each signal cycle is simulated independently with reinitialization. Because cycles
are independent under this design, simulations can be executed in parallel during each
objective evaluation.

4. Sensitivity Analysis

The parameter vector 6 includes a large number of microscopic behavioral parameters
associated with car-following, lane-changing, and junction interaction models. Cali-
brating all parameters simultaneously increases computational cost and may introduce
unnecessary variability in the search process. Therefore, a preliminary screening step
was performed to identify parameters that exhibit measurable influence on the objective
function defined in Eq. (6).

An experimental dataset was generated by sampling parameter combinations
within their predefined bounds and evaluating the corresponding objective values. For

each sampled parameter vector e("), the objective value z¥ was computed using the
procedure described in Section 3, resulting in

{e(k)’ Z(K) }kzl ) (9)

Here k € {1,...,K} indexes independent parameter samples drawn within the prede-
fined bounds.

K
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To assess parameter influence, an ordinary least squares (OLS) regression model
was fitted:

p
20 =By + 3 B0 +e®, (10)

j=1

where §; denotes the regression coefficient associated with parameter 6; and ¢® is the
residual term.

The regression model is used strictly as a statistical screening tool to detect asso-
ciations between sampled parameters and objective values. No assumption is made
that the true relationship between 6 and z is linear.

A parameter 6; was retained if

. < 0.05,
{ By (11)

1Bl > €,

where p; is the p-value of coefficient §; and ¢ = 107 is a minimum magnitude
threshold. Because raw OLS coefficient magnitudes depend on parameter scaling and
sampling ranges, |B;| is not used to compare parameters. Instead, the threshold is
used only as a practical filter to remove near-zero effects under the sampled bounds.
Parameters not meeting these conditions were fixed at their default values and excluded
from subsequent optimization.

No assumptions of global linearity are imposed, here the regression model is used
solely as a local screening tool to identify parameters exhibiting meaningful variation
with respect to the objective.

5. Case Study

The proposed calibration framework is evaluated on a real-world signalized urban in-
tersection using high-resolution UAV trajectory data from the pNEUMA experiment [8].
This section describes the study area, data preparation, traffic signal reconstruction,
and the definition of phase—direction groupings used for calibration.

5.1 Study Area and Network Representation

The case study focuses on a signalized intersection formed by Panepistimiou Avenue
and Amerikis Street in central Athens. The main approach consists of five lanes along
Panepistimiou Avenue, intersecting with a two-lane cross street along Amerikis. This
location was selected due to the availability of high-resolution UAV trajectory data from
the pPNEUMA experiment [8] and its heterogeneous traffic composition.

Figure 1 presents the real-world layout (Left) and the corresponding SUMO net-
work model (Right). The microscopic network reproduces the geometric layout, lane
configuration, and signal control scheme of the physical intersection.
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Figure 1. Left: Satellite image of the Amerikis—Panepistimiou intersection. Right: Corresponding
SUMO network including lane geometry, signalization, virtual detectors (pink color), and the UAV field
of view (FoV). The modeled network extends beyond the intersection shown in the UAV FoV to capture
interactions with nearby signalized intersections.

5.2 UAV Trajectory Data

The pNEUMA dataset provides time-stamped vehicle trajectories extracted from aerial
video recordings over the study intersection [8]. Each trajectory contains vehicle posi-
tions at discrete time steps, enabling reconstruction of vehicle paths and exit times.

For each vehicle, the exit time from the intersection is defined as the timestamp at
which the trajectory crosses a predefined exit boundary. Vehicles are assigned to:

» asignal phase p € 2 active at the time of exit, and
* an exit direction d € D corresponding to the movement performed.

For each (p,d), phase-relative exit times are computed and aggregated across
cycles as described in Section 3.

5.3 Traffic Signal Phase Identification

Traffic light phases are inferred directly from the UAV trajectory data following the
methodology described in [19]. Virtual detectors are placed at the real positions of
traffic light poles, and flow counts are measured at those locationsFigure 1(Right).

Because the trajectory data are discrete in time, flow measurements occur at dis-
tinct time steps. The registered count at a given time step corresponds to the number of
vehicles that crossed the virtual traffic light pole between the previous and the current
time step.
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Figure 2. Traffic light phase identification using virtual detector flow measurements at the study
intersection. Vehicle counts are shown over time, and horizontal lines indicate grouped time windows
corresponding to identified phases.

For each approach, counts that belong to the same phase are registered within a
specific time window, while no counts are observed for multiple consecutive time steps
after the window ends, until the next cycle repetition.

Groups of registered counts therefore correspond to traffic light phases, and the
duration of each phase equals the length of its associated time window. The observation
horizon is segmented into consecutive cycles according to the repetition of the identified
phase sequence. Only fully observed cycles are retained for calibration.

Figure 2 illustrates the phase identification procedure for the study intersection.

5.4 Cycle Segmentation

Two signal phases (p = 1,2) and two exit directions (d = 1,2) are considered. This
yields four phase-direction pairs (p,d) used in Eq. (6). Figure 3 illustrates the adopted
definition.

The pNEUMA trajectories span multiple observation periods. Following traffic sig-
nal reconstruction, the data are segmented into consecutive signal cycles. For each
cycle, trajectories are assigned to a phase p active at exit time and to an exit direc-
tion d according to the movement performed. For each (p, d), phase-relative exit times
are computed within each cycle and then aggregated across cycles to construct the
observed cumulative exit-count curves. The same pair construction is applied to simu-
lation outputs. Each cycle is later simulated independently using a cycle-specific route
file and UAV-derived initial vehicle positions and speeds at cycle start.

6. Simulation and Calibration Setup

This section describes the calibrated parameter sets, the cycle-based simulation setup,
and the optimization configuration used to solve Eq. (8). Figure 4 summarizes the end-
to-end workflow of the proposed framework.

The pNEUMA dataset contains a substantial proportion of motorcycles, reflecting
typical urban traffic composition in Athens [8]. To represent lateral positioning and over-
taking behavior characteristic of motorcycles, the SUMO sublane model is activated.
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Figure 3.
a) Phase—direction grouping at the study intersection. Top row: Phase p = 1 with exit directions d = 1
and d = 2. Bottom row: Phase p = 2 with exit directions d =1 and d = 2.
b) UAV-derived vehicle trajectories colored by direction.
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Figure 4. Overview of the calibration workflow. UAV trajectories are processed to infer signal phases,
segment cycles, and construct phase-direction cumulative exit-count curves. The NGOpt optimizer
proposes parameters 6, SUMO is executed per cycle in parallel under fixed inputs N, and the objective
z(0) is evaluated according to Eq. (6)

At a high level, the sublane model allows vehicles to occupy fractional lane positions
and perform lateral movements within a lane, enabling more realistic representation of
mixed traffic conditions. A detailed analysis of the sublane model mechanics is beyond
the scope of this study.

6.1 Calibrated Parameters Across Vehicle Types

The calibrated decision vector 6 includes both (i) global parameters that apply across
all vehicle types and (ii) vehicle-type-specific parameters that capture heterogeneity
across modes. A detailed description of SUMO vehicle and model parameters is avail-
able in the official documentation?.

Global parameters are used to tune lane-changing and junction-interaction behav-
ior that affects all vehicles. Vehicle-type-specific parameters are used to model differ-

Ihttps://sumo.dir.de/docs/
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ences in desired speed, acceleration capabilities, and car-following behavior across
categories.

In this study, vehicle-type-specific parameters are calibrated for the set of types
V = {Car, Bus, Taxi, Motorcycle, Medium, Heavy}.

For each vehicle type v € V, the calibrated subset includes parameters such as
speedDev, speedFactor, minGap, accel, decel, startupDelay, sigma, and tau. Global
parameters include lane-changing parameters (e.g., lcSpeedGain, lcKeepRight,
minGapLat) and junction-model parameters (e.g., jmSigmaMinor, jmStoplineGap,
jmTimegapMinor, impatience). Parameter bounds ¢ and u are selected based on
physically meaningful ranges and prior modeling experience.

Following the screening procedure in Section 4, parameters that did not satisfy the
selection criteria were fixed to their default values, and only the retained subset was
optimized.

6.2 Cycle-Based Simulation with Reinitialization

To align simulation outputs with UAV observations and to avoid error accumulation
across cycles, each signal cycle ¢ = 1,...,C is simulated independently. For each
cycle, the simulator is initialized using cycle-specific inputs derived from the UAV data,
while network and control inputs remain fixed in V.

Let %" denote the start time of cycle ¢. From UAV trajectories, an initial set of
vehicles present in the intersection vicinity at 5" is identified. For each such vehicle,
the initial state includes at minimum position and speed at t5@". These states are used to
initialize the simulation for cycle c so that the simulated system begins from a consistent
snapshot of observed traffic conditions.

Each cycle simulation is executed over the full cycle duration under the recon-
structed signal plan (Section 5). After simulation, vehicle exit times are extracted and
mapped to (p,d), from which the cumulative exit-count curves c;jg*(t | 6) are con-
structed. Objective evaluation then follows Eg. (6).

Because cycles are independent in this design, cycle simulations can be executed
in parallel for each candidate 6. Figure 5 illustrates the cycle-based execution used to
evaluate one objective function call.

6.3 Optimization Configuration

Calibration is performed using the NGOpt optimizer from the Nevergrad library [18]. Op-
timization starts from SUMO default parameter values and enforces bound constraints
£ <06<u.

The objective in Eqg. (6) is evaluated with B = 700 objective calls. For each candi-
date parameter vector, all cycles are simulated in parallel and the weighted discrepancy
between observed and simulated cumulative exit-count curves is computed.

Weights w, ; are chosen to emphasize movements with higher observed vehicle
volumes. In this study, (p, d) with larger counts are assigned higher weights so that the
optimization prioritizes the dominant exit patterns.
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Figure 5. Cycle-based objective evaluation. For a given parameter vector 6, each cycle c is initialized
from UAV-derived states, simulated independently, and post-processed to obtain ngg‘(t | ). The
objective z(0) is computed after aggregating per-cycle outputs into the phase-direction cumulative
curves.

Algorithm 1 Cycle-Based UAV Calibration Procedure
Require: UAV trajectory data, network inputs 2V, parameter bounds #,u, maximum iteration
number B
Ensure: Calibrated parameter vector 8
Initialize 6, with SUMO default parameters
Initialize NGOpt optimizer within bounds ¢ <6 <u
for k =1to Bdo
6, <« NGOpt.ask()
for each cycle c =1,...,C in parallel do
Initialize SUMO using UAV-derived vehicle states at cycle start
Run SUMO simulation for one signal cycle
Extract simulated exit times
Construct C317(¢ | 6x)
end for
Compute objective value z(6;) using Eq. (6)
NGOpt.tell(By, z(6x))
end for
6" «— NGOpt.recommend()
return 6"

7. Results

Sensitivity screening identified 16 parameters with statistically significant association
with the objective function defined in Eq. (6). The screening dataset included K = 75
parameter samples used for the OLS regression fit.

Table 1 lists the retained parameters together with their estimated coefficients,
standard errors, and t-statistics. Car-following parameters (speedDev, speedFactor,
tau) exhibit the largest coefficients, indicating strong influence on phase-level
exit-count dynamics. Several lane-changing parameters (1cPushy, lcImpatience,
lcAssertive, 1lcSigma) and two junction parameters (jmDriveAfterRedTime,
jmDriveAfterYellowTime) were also retained. All selected parameters satisfied the
criteria p < 0.05 and |B;| > 0.001, while the remaining parameters were fixed at their
default SUMO values.



Author et al. | SUMO Conf Proc 7 (2026)

Table 1. Parameters retained after sensitivity screening.

Parameter Coefficient Std. Error t-statistic
speedDev 1042.19 15.51 67.21
speedFactor -552.74 7.02 -78.74
tau 304.22 4.63 65.73
IcPushy -137.65 6.20 -22.19
sigma 59.73 12.04 4.96
Icimpatience -38.83 3.10 -12.52
minGap 36.17 2.78 13.01
accel -16.69 1.30 -12.88
IcCooperativeSpeed -14.85 6.20 -2.39
minGapLat -12.43 3.60 -3.45
IcAssertive -11.91 0.72 -16.46
IcSigma -8.89 0.62 -14.33
jmDriveAfterRedTime 5.22 0.54 9.67
jmDriveAfterYellowTime 2.41 0.54 4.47
IcLookaheadLeft -1.98 0.85 -2.33
IcStrategic -0.35 0.06 -5.57
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Figure 6. Objective value as a function of optimization iteration.

Figure 6 shows the evolution of the objective value z(6) during optimization. The
objective decreases rapidly in early iterations and gradually stabilizes toward the max-
imum number of objective evaluations, indicating stable convergence of the NGOpt
algorithm without oscillatory behavior.

Calibration performance is evaluated using metrics derived from the objective func-
tion defined in Eq. (6). The phase—direction contribution A, ; is defined in Eq. (7) and
represents the average absolute deviation between observed and simulated cumulative
exit-count curves.

To express this deviation relative to traffic volume, we define the normalized area
between curves (nNABC) as

obs 5|m 100
nABC, 4 = 100 N Tp Z| 5() — CSM(1)| = & (12)
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where N, 4 = %Cﬁff(];,) is the average number of observed vehicles per cycle.

The nABC metric is therefore a normalized version of the objective contribution A, ;
expressed as a percentage of traffic volume.

As an additional diagnostic indicator, we report the maximum cumulative deviation
per cycle,

1 .
5, max_ }'c;gS(t) YOl (13)
14

d=
p C tefon,...,

which represents the largest vertical deviation between cumulative curves in vehi-
cles per cycle.

Figure 7 presents the observed and calibrated cumulative exit-count curves for
each phase—direction pair. Across all pairs, nABC values indicate strong agreement
between observed and simulated exit-count dynamics. The corresponding nABC val-
ues are 0.46% for (1,1), 16.0% for (1,2), 16.0% for (2,1), and 15.0% for (2,2). The
maximum cumulative deviation per cycle does not exceed two vehicles in any phase—
direction pair, with D = 1 veh/cycle for (1,1) and (2,1) and D = 2 veh/cycle for (1,2)
and (2,2).

To assess performance at the individual cycle level, the Mean Absolute Percentage
Error (MAPE) was computed per cycle and per phase—direction pair. MAPE was defined
as

MAPE(C) — 100 1 > .C;?,Els(t) - Cs,i?(t)|
pd T ¥1 Z obs )
p+142 max(Cp,d (1), 1)

(14)

Figure 8 summarizes the distribution of cycle-level MAPE values. Substantial im-
provements are observed in higher-volume phase—direction pairs (1,1) and (2, 1), where
median MAPE decreases by approximately 70% after calibration. Lower-volume pairs
exhibit smaller relative improvements, consistent with the volume-weighted structure of
the objective function.

Even when simulations are initialized from observed vehicle states, default SUMO
parameters do not adequately reproduce phase-level exit-count dynamics, confirming
the necessity of behavioral parameter calibration.

8. Conclusions and Future Work

This paper presented a cycle-level, distribution-based calibration approach for signal-
ized intersections in SUMO using UAV trajectory data. The methodology segments ob-
servations into signal cycles and organizes vehicle trajectories by phase and direction.
Cumulative exit-count curves are constructed and used directly within a simulation-
based objective function. Calibration is performed using a derivative-free optimization
algorithm under parameter bounds.

The results demonstrate that the proposed framework substantially improves the
reproduction of intersection-level dynamics. For the dominant phase—direction move-
ment, the normalized objective deviation (nNABC) is reduced to 0.46%, and the maximum
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cumulative deviation does not exceed two vehicles per cycle in any phase—direction
pair. Median cycle-level MAPE decreases by approximately 70% in higher-volume
movements relative to default SUMO parameters. These findings show that, even
when simulations are initialized with UAV-derived vehicle positions and speeds, de-
fault behavioral parameters are insufficient to reproduce realistic phase-level discharge
patterns. Behavioral calibration is therefore necessary for accurate microscopic inter-
section modeling.

The framework jointly calibrates car-following, lane-changing, and junction interac-
tion parameters, including vehicle-type—specific parameters. The complete calibrated
parameter set is provided as supplementary material to support reproducibility 2.

Future work will extend the methodology to intersections with more complex ge-
ometries and to sites with different traffic compositions, particularly locations with lower
motorcycle penetration. The parallel cycle-based structure can support more advanced
optimization algorithms with larger computational cost. In addition, automated hyperpa-
rameter tuning strategies, including machine learning—based approaches, may further
improve calibration efficiency and robustness.
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