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abstract

Advanced Traffic Management Systems (ATMSs) are becoming increasingly data-
rich through advances in sensing, simulation, and communication technologies. Yet
the digital infrastructures adopted to support traffic management remain limited in
their ability to construct roadway state from observations, operationalize procedural
transportation knowledge, and represent traffic behavior in a form that supports
higher-level reasoning and scenario-based evaluation. This dissertation argues that
next-generation traffic digital twins must be both constructive, in their ability to
build, modify, and evaluate roadway state in a virtual environment, and interactive,
in their ability to support knowledge-grounded reasoning between infrastructure,
models, and operators.

First, this dissertation develops a constructive digital twin framework for lane-
level roadway synchronization from distributed traffic observations. Through
weakly supervised lane detection and federated meta-learning, Geo-ORBIT enables
scalable and privacy-preserving reconstruction of roadway geometry across hetero-
geneous locations, providing the structural basis for a virtual traffic-management
testbed. Second, this dissertation investigates how procedural transportation knowl-
edge can be embedded into the digital twin through an open and reproducible
knowledge-management framework. CrossTraffic codifies transportation proce-
dures into interoperable computational interfaces and extends them with semantic
validation, enabling more reliable and consistent interaction between users, mod-
els, and transportation rules. Third, this dissertation introduces GeoLaneRep,
a behavior-grounded lane representation framework that jointly encodes struc-
tural geometry, aggregated trajectory dynamics, and operational descriptors into
a shared latent space. This representation captures lane-level functional identity
and supports downstream tasks such as lane comparison, anomaly detection, and
conditional geometry generation.

Together, these contributions establish the foundational layers of an interopera-
ble traffic digital twin that can construct roadway state, interpret traffic semantically,
and support virtual reasoning and intervention testing for traffic-management
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strategies. Rather than treating the digital twin as a passive descriptive replica,
this dissertation positions it as a structured and self-optimizing virtual testbed for
infrastructure-aware traffic management.
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1 introduction

1.1 Motivation
Traffic Management System (TMS) has long been central to maintaining safety
and efficiency across urban transportation networks. As cities grow more complex,
active management has become a cornerstone of modern practice (Kuhn et al.
(2013)). This is the strategy by which an agency can improve system performance
by operating and managing transportation systems in a way that is dynamic and
adaptive to current and future conditions. The digital twin concept, a simulated,
virtual counterpart of real traffic and road networks, has been recognized as a
transformative enabler of such active management, allowing predictive analysis and
decision-making for transportation network development (Schroeder et al. (2016);
Rudskoy et al. (2021)). Yet, current systems, built around static infrastructure
models and manual updates, struggle to cope with the dynamic nature of urban
traffic networks (Zhang et al. (2020); Feng et al. (2023)). Specifically, they lack
the inherent mechanisms to unfold road scenarios intrinsically because of their
complex urban system (Moroni (2025)). Furthermore, current TMS deployments
prioritize capacity expansion over adaptive management (Kuciemba et al. (2023)).
This mismatch between the physical nature and its digital representation limits the
responsiveness and scalability of Advanced Traffic Management strategies.

Another critical limitation of current TMS lies in their closed characteristic
architecture, which often overlooks the systemic implications for coordination,
transparency, and responsiveness. A particularly salient issue is the lack of cross-
system interoperability and human-in-the-loop interactivity in how these systems
are architected and operated. Most traffic decision-making frameworks remain
embedded in isolated control environments, whether in simulation platforms,
planning tools, or real-world TMS software, where procedural logic is fixed and
inaccessible to other systems or stakeholders (?). This architectural closure man-
ifests in two key ways: (1) the detachment of infrastructure logic from domain
expertise codified in formal manuals into TMS pipelines and digital twins; and
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(2) the inability to translate system-level decisions into semantically meaningful
updates interpretable by downstream applications or users. As a result, traffic
operations remain opaque and fragmented, stifling adaptive policy integration and
the broader goal of intelligent and collaborative traffic management (Jacobson and
McLaughlin (2024)).

Taken together, these shortcomings underscore the need for a fundamental ar-
chitectural shift toward a constructive and interactive digital twin. To overcome current
limitations, the digital twin needs to be capable of continuously and autonomously
reasoning about road scenarios from its perception while remaining highly interac-
tive, functioning as a semantic translation layer that bridges raw perception with
diverse downstream tasks.

1.2 Problem Statement
This dissertation addresses three interdependent limitations that prevent current
traffic management digital twins from transforming into constructive and interactive
systems:

1. Lack of scalable lane-level geometry synchronization prevents digital twins
from maintaining accurate, up-to-date roadway geometry, undermining their
reliability for operational decision-making at the corridor scale.

2. Domain knowledge of transportation systems remains fragmented from digi-
tal twin platforms, and requires additional manual lookup or offline process-
ing, limiting the system’s comprehension of the scenario.

3. Semantic interoperability is essential for the interaction in the observed traffic
scenario and delivering context-aware traffic information across digital twin
systems and operators.
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1.3 Research Objective
The primary objective of this dissertation is to establish a constructive and interac-
tive digital twin framework for Advanced Traffic Management Systems (ATMS).
Unlike traditional digital twins that passively mirror roadway conditions, this
digital twin is envisioned as both a controllable system variable and a collabora-
tive decision interface. By integrating real-time geometrical sensing, structured
transportation knowledge, and semantic reasoning, this framework aims to enable
ATMS that are scalable, knowledge-augmented, and capable of reasoning traffic
operations for adaptive traffic management. To this end, this dissertation addresses
the three research problems identified in 1.2.

1. Scalable Digital Twin Synchronization: Develop methods to automatically
infer and maintain lane-level roadway geometry from traffic camera data,
enabling digital twins to adapt across heterogeneous urban traffic scenarios.

2. Knowledge-Augmentation: Integrate procedural transportation knowledge
into a modular, continuously deployable framework that supports automated
reasoning, validation of roadway geometries, and simulation-driven opera-
tional decision-making.

3. Semantic Structuring for Interoperability: Design a semantic layer and
natural language interface that can bridge infrastructure, digital twin, and
operators, laying the foundation for interactive digital twins and human-
centered decision support.
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2 geo-orbit: a federated digital twin framework for
scene-adaptive lane geometry detection

As established in the preceding chapter, the foundation of an interactive Advanced
Traffic Management System (ATMS) is the ability to continuously synchronize
the physical roadway with its digital counterpart. While digital twins offer a
transformative approach to traffic management, enabling real-time sensing, analysis,
and decision support, their large-scale deployment remains hindered by a reliance
on static maps, costly high-fidelity sensors, and pervasive data privacy concerns. To
overcome these infrastructural bottlenecks, this chapter introduces Geo-ORBIT, a
scalable, privacy-preserving framework for scene-adaptive lane geometry detection.

Instead of relying on static, pre-compiled topological maps, Geo-ORBIT dy-
namically extracts lane geometries directly from observed roadside vehicle trajecto-
ries. These extracted structures are subsequently personalized and adapted across
heterogeneous camera deployments via meta-learning. Crucially, the framework
mitigates the inherent privacy risks of centralized video processing by employing a
federated learning architecture. This distributed approach allows the model to col-
laboratively learn dynamic geometric features across multiple edge devices without
ever transmitting sensitive raw video feeds to a central server. Validated through
real-world traffic observations and integrated directly into virtual traffic simulators,
Geo-ORBIT establishes a computationally efficient, privacy-preserving pipeline
for continuous synchronization. Essentially, this framework provides the critical
physical perception layer of the digital twin, successfully grounding the operational
reasoning (Chapter 3) and behavioral representations (Chapter 4) developed later
in this dissertation.

2.1 Introduction
As established, digital twins enable proactive traffic management by maintaining
a live connection between physical roadways and their virtual counterparts. In
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modern transportation systems, these architectures replicate elements such as
vehicle dynamics, pedestrian behavior, and signal statuses by leveraging data from
diverse sensor networks (VanDerHorn and Mahadevan (2021); Kritzinger et al.
(2018); Jones et al. (2020); Fuller et al. (2020)). While this paradigm offers immense
promise for data-driven optimization, its practical performance relies heavily on
high-quality data and robust modeling schemas. This reliance introduces two
critical bottlenecks that severely hinder deployment in real-world settings: (1)
a lack of accurate, real-time sensing for lane-level roadway geometry, and (2) a
strict dependence on centralized processing architectures that provoke concerns
regarding data privacy, communication overhead, and system scalability.

Transportation systems are commonly conceptualized through a five-layer
model (Fig. 2.1a). Recent progress in the field predominantly targets the upper
layers, successfully replicating dynamic entities such as vehicles, pedestrians, sig-
nals, and communication networks (Wang et al. (2021); Hui et al. (2022); Dong
et al. (2023); Tan et al. (2023); Liao et al. (2024b); Wang et al. (2024b); Cai et al.
(2023); Zelenbaba et al. (2022); Liu et al. (2022); Cazzella et al. (2024); Wágner
et al. (2023); Dasgupta et al. (2023); Fu et al. (2024b)). In stark contrast, the lower
layers—specifically the precise, lane-level understanding of physical infrastructure
and its temporal modifications—remain underexplored. Most existing frameworks
extract structural data from separate, static sources like OpenStreetMap (OSM)
(Dasgupta et al. (2023); Wang et al. (2024b, 2021); Wágner et al. (2023)) or rely on
expensive hardware such as LiDAR (Pan et al. (2024); Jiang et al. (2022); Zhang
et al. (2019); Davletshina et al. (2024)). While functional in highly constrained
environments, these approaches are either profoundly labor-intensive to maintain
or prohibitively costly. This effectively cripples the scalability of lane-level digital
twins across expansive urban networks.

The second major challenge stems from the underlying system architecture. Con-
ventional digital twins demand extensive data aggregation, inherently necessitating
centralized processing (Fig. 2.1b). This centralization triggers severe vulnerabilities
regarding data privacy, immense communication costs, and network scalability
constraints. To circumvent these architectural flaws, decentralized machine learning
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Figure 2.1: Conceptualization of five-layer transportation systems and digital twins.
(a) Five-layer transportation system model adopted from Scholtes et al. (2021),
with exemplary entities on the different layers in order of interference amplitude.
(b) Centralized digital twins collect data from the physical space and create global
models and digital twins in the central server. (c) Federated learning-based digital
twins utilize local entities and the global server communicating simultaneously to
update the model without sharing the raw data.

paradigms, particularly Federated Learning (FL), present a highly effective alterna-
tive (Kairouz et al. (2021)). FL is an established machine learning technique that
allows multiple edge entities to collaboratively train a shared model while keeping
all raw data strictly localized (Zhang et al. (2024)). By adapting this paradigm for
transportation (Fig. 2.1c), local entities like roadside units or connected vehicles
process raw camera feeds locally. They transmit only processed model updates
to a central server. The server aggregates these weight updates to refine a global
model, which is then redistributed to the edge. This methodology resolves privacy
constraints and minimizes bandwidth usage, rendering large-scale deployment
feasible.

To further contextualize these architectural and perceptual gaps, Fig. 2.2 catego-
rizes representative studies across various application domains. The distribution
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Figure 2.2: Comparison of existing digital twin studies based on system architecture
(centralized to decentralized) and fidelity (low to high), categorized by domains
including IoT, vehicle, and traffic.

reveals a distinct void in systems capable of both decentralized operation and
lane-level microscopic resolution. While several frameworks explore decentral-
ized architectures (Hui et al. (2022); Zelenbaba et al. (2022); Liu et al. (2022)),
they overwhelmingly rely on low-to-moderate resolution models. These are often
limited to pure mathematical abstractions or macroscopic traffic state replications.
Conversely, systems that achieve high-resolution microscopic tracking (Pan et al.
(2024); Liao et al. (2024b); Dong et al. (2023)) remain stubbornly centralized, exac-
erbating the aforementioned privacy and communication bottlenecks. A unified
framework that seamlessly integrates microscopic, lane-level digital representations
with a decentralized, privacy-preserving architecture is critically absent from the
literature.

To directly address these intersecting challenges, this chapter introduces the
Geometrical Operational Roadway Blueprint with Integrated Twin (Geo-ORBIT).



10

Geo-ORBIT is a decentralized, microscopic traffic framework that connects real-
world lane geometry and vehicle trajectories to a simulated environment, actively
preserving privacy while minimizing communication overhead. The framework
employs a meta-learning approach to sense lane-level infrastructure, enabling local
edge devices to extract contextual geometric knowledge directly from standard
roadside camera data. An FL-based optimization strategy trains a global meta-
learner on a central server by aggregating parameters from these local entities,
strictly avoiding the transmission of private video feeds. This global meta-learner
generalizes to unseen locations without requiring site-specific retraining, massively
enhancing overall system scalability. By connecting this continuous perception loop
to simulation engines (SUMO and CARLA), the central server constructs a live
environment for continuous traffic monitoring and decision-making. The primary
contributions of this research include:

• The formulation of a meta-learning framework designed to extract lane ge-
ometry information across highly varied camera locations, offering structural
scalability and compatibility with diverse detection pipelines.

• The implementation of an FL-based optimization strategy to train the meta-
learner. Experimental results on real-world camera data confirm the strategy’s
capacity to preserve privacy, slash communication costs, and improve geo-
metric generalization on unseen datasets.

• The introduction of comprehensive metrics to assess global shape similar-
ity, local geometry accuracy, and semantic alignment, establishing a robust
benchmark for dynamic lane detection tasks.

• The development of an integrated digital twin pipeline that connects real-
world lane geometry and vehicle behavior with simulated environments.
This pipeline supports the scalable, real-time validation of detection models
without requiring manual infrastructure updates.
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2.2 Related Works

2.2.1 Infrastructure Sensing in Digital Twins

Existing studies have successfully developed digital twins to replicate vehicles,
pedestrians, signal phases, and communication networks (Wang et al. (2021); Hui
et al. (2022); Dong et al. (2023); Tan et al. (2023); Liao et al. (2024b); Wang et al.
(2024b); Cai et al. (2023); Zelenbaba et al. (2022); Liu et al. (2022); Cazzella et al.
(2024); Wágner et al. (2023); Dasgupta et al. (2023); Adarbah et al. (2024, 2023);
Wang et al. (2023); Fu et al. (2024b)). Driven by the rapid advancement of onboard
sensing technologies, vehicle digital twins receive the majority of research attention,
supporting critical applications like cooperative driving, crash avoidance, and be-
havior prediction. For instance, Wang et al. (2021) developed a cooperative driving
twin for non-signalized intersections that schedules crossing sequences based on
telemetry from intelligent vehicles. Similarly, Dong et al. (2023) constructed a
digital twin to test cooperative driving automation via a scaled physical sand table,
while Wang et al. (2024b) validated a campus-environment twin that aggregates
onboard and roadside data to provide active crash-avoidance advisories.

Despite these advances in tracking dynamic agents, infrastructure sensing typi-
cally remains a disjointed, secondary process. The foundational road networks in
most digital twins rely heavily on public databases such as OpenStreetMap (OSM)
or Google Maps (Dasgupta et al. (2023); Wang et al. (2024b, 2021); Wágner et al.
(2023)). Sourcing map data externally introduces significant data collection and
synchronization overhead, fundamentally hindering the scalability and real-time
applicability of the digital twin across expansive transportation systems.

To capture accurate, localized infrastructure information, researchers have ex-
plored dedicated hardware sensors like LiDAR and roadside cameras (Pan et al.
(2024); Jiang et al. (2022); Zhang et al. (2019); Davletshina et al. (2024)). While
LiDAR provides highly precise 3D spatial measurements, excellent for tracking
moving objects, its hardware remains prohibitively expensive for ubiquitous de-
ployment. Furthermore, the immense computational overhead required to pro-
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cess dense point clouds introduces significant latency, even when the sensors are
mounted directly on roadside infrastructure. Conversely, vision-based sensors offer
a highly cost-effective alternative for real-time roadway monitoring. Extensive liter-
ature has explored camera-based lane detection (Qiu et al. (2024); Ren et al. (2014)).
However, these studies predominantly analyze isolated static images. They fail to
extract continuous, trajectory-based geometric readings that accurately reflect how
drivers actually navigate the physical space. Crucially, these vision-based models
operate in isolation and do not attempt to synchronize their detections with a live
digital twin environment.

2.2.2 Federated Learning for Digital Twins

Federated Learning (FL) has emerged as a transformative decentralized machine
learning paradigm across diverse domains, including mobile edge computing,
industrial engineering, and healthcare (Li et al. (2020)). In these fields, FL allows
multiple institutions to collaboratively train robust predictive models without
ever sharing sensitive raw data, thereby complying with strict regulatory and
privacy constraints. In transportation specifically, FL powers advancements in
vehicular edge computing, traffic flow prediction, and multi-object detection (Zhang
et al. (2024)). By processing video feeds and telemetry locally at the edge, these
approaches mitigate severe transmission bottlenecks, enhance data diversity, and
rigorously protect driver privacy.

Because digital twins inherently rely on massive data aggregation, centralized
architectures (Fig. 2.1b) provoke severe concerns regarding data privacy, commu-
nication overhead, and network scalability. FL-based digital twins address these
structural flaws by aggregating refined model weights from local entities instead
of transmitting raw data. While developing these FL-based twins, most literature
focuses heavily on optimizing the decentralized network algorithms. For example,
Sun et al. (2021) proposed a reinforcement learning strategy to optimize global
aggregation frequency in industrial IoT networks, utilizing a digital twin to map
the physical state and energy consumption of the edge devices. To improve target
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detection accuracy, Mu et al. (2023) deployed a centralized federated transfer learn-
ing framework to pretrain local models, alongside a blockchain-based mechanism
to identify malicious entities before model aggregation. Similarly, Tang et al. (2024)
designed a semi-asynchronous FL framework to predict vehicle collisions, dynam-
ically adjusting the number of communicating vehicles based on local network
conditions. Additionally, Khan et al. (2024) integrated digital twins and FL within
vehicular networks, addressing core algorithmic challenges in edge caching and
resource management.

While these studies successfully innovate on specific FL transmission and secu-
rity techniques, they overwhelmingly evaluate their FL-based digital twins using
abstract numerical simulations or macroscopic traffic state replications. Relying
on these low-resolution mathematical abstractions severely limits the applicability
of the resulting frameworks. To effectively support proactive traffic management
operations, an FL-based digital twin should successfully synchronize highly local-
ized, lane-level topological configurations without compromising its decentralized
architecture.

2.3 The Framework for Lane Detection Algorithm
with Federated Learning Integration into Digital
Twin

The proposed framework, Geo-ORBIT, enhances real-time traffic management by
dynamically sensing, modeling, and synchronizing roadway geometry and vehicle
behavior within a digital twin environment. As illustrated in Fig. 2.3, the framework
operates across multiple roadside sensing units. Each edge unit locally processes
vehicle and roadway observations to infer lane-level geometry. A meta-learning
approach dynamically adapts the detection parameters to diverse scene contexts,
while Federated Learning (FL) enables collaborative model optimization across
locations without transmitting raw video data. The resulting lane geometries and
trajectory streams are subsequently synchronized with microscopic simulation
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Figure 2.3: Architecture of the federated meta-learning framework. The framework
detects roadway geometry at local entities with local GeoLane models. The central
server collects parameters from local entities with federated learning. The digital
twin synchronizes road geometry and trajectories in a simulated environment.

environments, supporting dynamic digital twin updates for traffic analysis.

2.3.1 Federated Meta-Learning for Lane Detection Framework

To enable the scalable, privacy-preserving deployment of lane detection algorithms
across highly diverse roadside environments, this framework utilizes a federated
meta-learning architecture. This approach adapts the detection process to local
scene characteristics entirely at the edge. Within this framework, each roadside
camera constitutes a distinct learning task. A shared meta-learner is trained to
output optimal, scene-specific detection parameters. By merging FL with black-box
meta-learning (Hu et al. (2023)), this architecture accommodates non-differentiable
components within the detection pipeline while ensuring highly efficient model
personalization.
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Figure 2.4: Meta-GeoLane Framework.

Task Definition and Motivation

Each camera entity is defined as a discrete task Ti, characterized by unique camera
perspectives, intersection topologies, and traffic dynamics. Traditional lane detec-
tion models, typically trained centrally on static datasets, suffer severe performance
degradation when deployed across such heterogeneous contexts. Their reliance on
fixed, hardcoded thresholds renders them suboptimal for real-world variability.

To resolve this, the framework employs a meta-learning strategy. A meta-model
learns to infer optimal lane detection parameters θi for each specific task based on
high-level contextual features xi (e.g., aggregate trajectory speed, vehicle density).
In contrast to gradient-based meta-learning approaches like MAML (Finn et al.
(2017)), which demand full end-to-end differentiability, this framework adopts
a black-box formulation. It operates exclusively at the parameter level, making it
fully compatible with heuristic and spatial detection pipelines.
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Meta-Learner Design

As shown in Fig. 2.4, the meta-learner f(ϕ) functions as a two-layer multi-layer
perceptron (MLP). It features a shared hidden representation coupled with multiple
parameter-specific output heads. The network ingests the vector of scene-specific
features and outputs a precise dictionary of detection parameters customized for
the current task Ti.

Each output head maps the shared latent representation to a scalar value using a
linear layer and a bounding activation function (e.g., sigmoid). These bounded out-
puts are then scaled to the required numeric ranges. For instance, the network pre-
dicts specific structural constraints, such as the spatial smoothing factor (θsmoothing)
and peak angle thresholds (θangle). This architecture ensures interpretable, task-
specific parameter estimation directly from scene features, completely bypassing
the need to backpropagate through the subsequent spatial detection algorithm.

Federated Optimization Strategy

To guarantee data privacy and facilitate decentralized learning, the meta-learner is
trained via a federated optimization protocol. During each federated round:

• A designated subset of client nodes (edge units) receives the current global
meta-learner weights ϕ.

• Each client extracts local scene features xi, utilizes the meta-learner to gen-
erate pipeline parameters θi = fϕ(xi), and executes the local lane detection
algorithm.

• The client computes the local task loss Li and its analytical gradient with re-
spect to ϕ, evaluating geometric similarity without backpropagating through
the non-differentiable spatial model.

• These parameter updates are transmitted to a central server, which aggregates
the gradients to refine the global meta-learner.
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This protocol ensures that absolutely no raw trajectory coordinates or image
frames are transmitted over the network, strictly adhering to the privacy constraints
demanded by intelligent transportation systems. Once deployed to a new edge
camera, the meta-learner immediately outputs customized detection parameters
θj = fϕ(xj) based on the new context, enabling rapid scene adaptation without
requiring localized retraining.

2.3.2 Trajectory-Driven Lane Detection Algorithm

Each local client executes a trajectory-driven lane detection procedure. This proce-
dure serves as the non-differentiable pipeline parameterized by the meta-learner’s
output θi. It reconstructs highly accurate lane geometries by conducting spatial anal-
ysis on vehicle trajectories captured from edge camera feeds, generating structured
boundaries suitable for simulation.

Figure 2.5: Overview of the Trajectory-Driven Lane Detection Algorithm. (a) Video
detection and trajectory projection to GPS coordinates. (b) Lane center estimation
using histogram analysis. (c) Lane-based trajectory clustering with K-Means. (d)
Lane geometry estimation and boundary generation.

Initially, vehicles within the camera’s field of view are tracked using the YOLOv11
object detection model (Jocher et al. (2023)) over a defined observation win-
dow (e.g., 60 seconds). This raw kinematic data is isolated into distinct *lane
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groups*—defined as directional clusters of adjacent lanes sharing a single roadway
cross-section.

Raw trajectory detections are first projected from pixel space into global GPS
coordinates using homography calibration matrices. This transformation mitigates
perspective distortion caused by the camera angle. For each isolated lane group,
trajectories are filtered to remove tracking noise and aggregated into a spatial matrix
containing mean positions and heading directions.

To dynamically determine the precise number of lanes present within a segment,
the system conducts histogram-based peak detection on the distribution of lateral
vehicle coordinates. Let X = {xi} define the set of mean lateral positions across all
trajectories within a given lane group. A spatial histogram is constructed over X

and smoothed via a Gaussian filter.
Crucially, the meta-learned parameters θsmoothing and θangle dynamically dictate

the histogram bin count and peak prominence thresholds. This allows the algorithm
to adapt perfectly to varying intersection widths. The resulting peaks {p1, p2, . . . , pk}
serve as preliminary lane center estimates.

Based on this estimated lane count k, K-Means clustering is applied to the lateral
coordinates to definitively assign each trajectory to a specific lane:

ŷ = K-Means(X, clusters = k). (2.1)

This mapping discretizes the continuous trajectory space. It assigns each vehicle
strictly to the lane corresponding to the nearest detected center, establishing the
foundation for localized geometry modeling.

For each isolated lane, the assigned trajectory points are sorted by their longitu-
dinal GPS coordinate ygps. A univariate spline x = f(y) is then fitted to the data
points to construct the centerline:

x(y) = Spline(y; s), (2.2)

where the flexibility of the curve, s, is governed directly by the meta-learned
θsmoothing parameter. To estimate the physical lane width, the lateral spread of the



19

assigned trajectories is calculated:

w = 2 · σx, (2.3)

where σx represents the standard deviation of the x-coordinates. Assuming
a Gaussian distribution of lateral vehicle placement, this captures approximately
95% of the lane’s practical width. Finally, physical boundary lines are generated by
computing the unit normals along the spline curve and offsetting the centerline:

Left(y) = (x(y), y) + w

2 · n⃗, Right(y) = (x(y), y)− w

2 · n⃗, (2.4)

where n⃗ = (− dy√
dx2+dy2

, dx√
dx2+dy2

) acts as the normalized perpendicular vector.
This continuous process dynamically refines lane center positions and boundaries
as new trajectory batches are processed by the edge unit.

2.3.3 Digital Twin Environment Setup

To enable robust validation of the lane detection algorithm under scalable condi-
tions, a trajectory-synchronized microscopic digital twin was constructed by inte-
grating SUMO and the CARLA autonomous driving simulator. This integration
provides an environment capable of replicating both large-scale traffic dynamics
and highly detailed spatial interactions.

The digital twin construction follows a strict pipeline. The foundational road
network is initially extracted from OpenStreetMap (OSM) and converted into the
SUMO network format. This network is subsequently converted into the Open-
DRIVE (XODR) format, an industry-standard high-definition mapping schema.
This conversion guarantees geometric consistency between the 2D traffic simulation
(SUMO) and the 3D perception environment (CARLA), facilitating accurate spatial
rendering.

To align real-world vehicle movements with this virtual environment, observed
trajectories are piped through a synchronization module. GPS coordinates gen-
erated by the local camera’s homography calibration are translated into SUMO’s
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local coordinate grid using the sumolib network model. This module maps each
observed trajectory to the nearest valid network edge, generates specific route files
based on the empirical motion sequences, and actively injects these vehicles into
the live SUMO simulation. Vehicles are repositioned at every time step to match
their real-world counterparts, forcing strict temporal alignment.

During experimentation, the base road geometry within this digital twin remains
deliberately static. While dynamic infrastructure updating is a theoretical capability
of digital twins, locking the simulation geometry provides a stable, controlled
baseline. This configuration allows the system to rigorously evaluate the geometric
accuracy and lane assignment consistency of the proposed federated detection
model against an established, static map, supporting rapid error diagnosis and
trajectory-grounded supervision across heterogeneous urban contexts.

2.4 Lane Geometry Quantification and Evaluation
To rigorously evaluate the quality of the detected lane geometries, this section
introduces a comprehensive set of loss functions and evaluation metrics. These
metrics quantify both geometric alignment with simulation-based references and
mathematical consistency with the learned meta-parameters. The evaluation frame-
work encompasses global shape similarity, local structural accuracy, topological
consistency (e.g., absolute lane counts), and predictive parameter fidelity. Fur-
thermore, the framework assesses communication efficiency within the federated
network context.

2.4.1 Geometric and Structural Alignment Metrics

The consistency of the detected lane shapes is first assessed against reference map
geometries derived from the static SUMO simulation network. This is achieved
using the Fréchet distance, a metric that captures the overall shape discrepancy
between two continuous curves, accounting for the ordering and flow of points. Let
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P (t) and S(t) serve as continuous parameterizations of the reference and detected
centerlines, respectively. The consistency loss is defined as:

Lconsistency = d(S, P ) = inf
α,β

max
t∈[0,1]

∥∥∥P (α(t))− S
(
β(t)

)∥∥∥
2
, (2.5)

where α and β are continuous, non-decreasing reparameterizations mapping
the unit interval to the curve lengths. This ensures the distance metric evaluates
the continuous path structure rather than strictly pointwise Euclidean proximity.

To measure local geometric agreement, the system computes the variance in
physical lane widths between the detected lanes and their corresponding SUMO
references. The geometry loss is expressed as:

Lgeometry =
∑
M

∥∥∥smw − cmw

∥∥∥2

2
, (2.6)

where smw and cmw denote the detected and reference widths of matched lane
segments, respectively.

A centerline embedding loss is also incorporated, utilizing a standard triplet
structure. This mechanism mathematically forces the latent embedding of the
detected lane center sm closer to the true reference center cm than to an arbitrary
negative sample c′

m:

Lcenter =
∑

E
max

{∥∥∥f(cm)− f(sm)
∥∥∥2

2

−
∥∥∥f(cm)− f(c′

m)
∥∥∥2

2
, 0

}
, (2.7)

where f(·) denotes a learned spatial feature mapping function.
Finally, to enforce strict lane grouping and intersection logic, a topological

consistency loss is defined based on the absolute scalar difference between the
detected and reference lane counts:

Lcount = |Ndet −Nref |. (2.8)
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2.4.2 Composite Objective Function

The localized, task-level objective function aggregates all previously defined spatial
and topological terms into a single formulation, strictly weighted by hyperparame-
ters λi:

Ltotal = λ1Lconsistency + λ2Lgeometry + λ3Lcenter + λ4Lcount. (2.9)

During evaluation, continuous trajectory processing proceeds iteratively until
this total loss falls below a predefined tolerance threshold ϵ. At this point, the
dynamically detected lane geometry is considered operationally aligned with the
static simulation baseline.

2.4.3 Meta-Learning Parameter Alignment

Within the federated meta-learning framework, each edge client predicts a discrete
set of geometric detection parameters θ̂. These predictions must be compared
against pseudo-optimal reference parameters θ∗, derived from weak supervision
via the SUMO environment. The parameter alignment loss is defined utilizing the
mean squared error across all parameters in the task set P :

Lparam =
∑
p∈P

∥∥∥θ̂p − θ∗
p

∥∥∥2

2
. (2.10)

The separation of this parameter loss from the spatial composite loss is a strict
architectural necessity. Because the downstream spatial lane detection pipeline
relies on non-differentiable operations (e.g., histogram peak detection, discrete K-
Means clustering), gradients generated by the spatial composite loss (Ltotal) cannot
be mathematically backpropagated to the meta-learner.

To resolve this bottleneck, Ltotal is utilized independently to identify the pseudo-
optimal reference parameters θ∗ for a given scene. Once established, the continuous
meta-learner is optimized strictly against these target parameters using Lparam. This
surrogate loss dictates the parameter updates transmitted back to the global server
during federated synchronization.
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2.4.4 Communication Cost

Finally, the framework systematically evaluates the communication overhead in-
herent to the federated meta-learning architecture. For each distinct round of
communication between the edge clients and the global server, the system mea-
sures the total volume of transmitted parameter updates and the corresponding
duration of the network session. The communication cost is formally quantified as
Bits Per Second (BPS):

BPS = Total bits transmitted
Total communication time (seconds) . (2.11)

This metric provides a rigorous baseline for assessing the real-world scalability of
the federated architecture when deployed across bandwidth-constrained roadside
networks.

2.5 Experiments and Results

2.5.1 Data Preparation

The Wisconsin Department of Transportation (WisDOT) maintains a perceptual
network of over 400 roadside cameras, providing continuous live traffic streams
via the 511 Wisconsin infrastructure1. To evaluate the proposed framework, this
study isolates four specific camera deployments. As illustrated in Fig. 2.6, these
sites capture traffic conditions across diverse topological configurations, including
multi-lane corridors, complex diverging geometries, and high-density merge zones.

To synthesize the federated learning architecture, trajectory-based lane data is
actively aggregated from these discrete camera feeds. Each client operates as an
independent geographic edge node. The data generated by each node is strictly
characterized by its unique local road geometry and empirical vehicle behavior
patterns. This synthesis ensures a comprehensive evaluation of the model’s adaptive

1https://511wi.gov/

https://511wi.gov/


24

A
B

C D

US 12

Figure 2.6: Geospatial distribution of the four roadside camera deployments along
the US 12/18 corridor in Madison, Wisconsin. Evaluation sites include: (A) Todd
Dr., (B) Park St., (C) West of Yahara River, and (D) Monona Dr.

capabilities without requiring physical edge-hardware deployment. The specific
data matrix for each client includes:

• Detected trajectory points extracted from processed video frames, represent-
ing the dynamic kinematic presence of vehicles.

• OSM-derived pseudo-ground-truth coordinates for lane centerlines, serving
as the static spatial reference for validation and alignment.

2.5.2 Performance Comparison

The effectiveness of the FedMeta-GeoLane framework is evaluated utilizing both
quantitative spatial metrics and qualitative visual analysis. The models are rigor-
ously assessed on their capacity to accurately infer physical lane boundaries directly
from empirical traffic streams. Unless otherwise specified, all continuous validation
losses are reported in meters, excluding the discrete lane count metric.

Quantitative Evaluation

Table 2.1 presents a strict quantitative breakdown of the validation loss components
for three distinct model configurations across seen and unseen locations. "Seen"
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Table 2.1: Validation loss component comparisons of each model on seen and
unseen locations.

Model Lconsistency ↓ Lgeometry ↓ Lcenter ↓ Llane_num ↓ Ltotal ↓
Seen
Baseline 5.45 15.12 6.78 5.00 77.84
Meta 7.04 11.76 4.73 2.67 12.16
FedMeta 0.0 2.65 3.16 2.67 6.94
Unseen
Meta 18.51 105.35 34.60 12.00 69.61
FedMeta 0.0 12.82 21.39 12.00 32.38

Figure 2.7: Qualitative comparison across multiple locations. The camera at Park St.
is treated as an unseen location for Meta-GeoLane and FedMeta-GeoLane. Blue
lines represent trajectory contours, and each lane is colored accordingly to denote
its assigned lane group.
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locations define camera sites explicitly included during the training phase. The
metrics trace consistency loss (Lconsistency), geometry loss (Lgeometry), centerline
deviation (Lcenter), lane count error (Llane_num), and the aggregate composite loss
(Ltotal). The evaluated architectures are defined as follows:

• GeoLane (Baseline): A monolithic lane detection model utilizing fixed pa-
rameters trained globally across all locations. It applies a uniform geometric
configuration and fundamentally lacks any meta-learning or local scene adap-
tation capability.

• Meta-GeoLane: A black-box meta-learning model trained via centralized
data aggregation. This model supports local context-conditional parameter
generation but absolutely requires the centralized pooling of all training
trajectories at the server.

• FedMeta-GeoLane: The proposed federated architecture. It merges black-
box parameter adaptation with decentralized federated optimization. Each
edge client learns site-specific configurations without ever transmitting raw
kinematic data, ensuring structural scalability and strict privacy.

Analysis of seen locations indicates that centralized meta-learning substantially
outperforms the static baseline. It reduces the total validation loss from 77.84 to
12.16 (an 84.4% improvement). The most significant gains occur within geometric
and centerline spatial extraction.

The FedMeta-GeoLane architecture further enhances this performance. It achieves
a geometry loss of 2.65 and an exceptional total loss of 6.94 on seen locations. Com-
pared to the baseline, this constitutes a massive 91.1% reduction in total error, while
simultaneously outperforming the centralized meta-learning approach by 42.9%.
This severe drop in geometry-related loss proves the federated model extracts vastly
more precise lane boundaries. Notably, the consistency loss is eliminated entirely.
This suggests the learned representation achieves highly stable temporal predic-
tions, rendering continuous shape discrepancy negligible once spatial alignment is
locked.
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The architectural advantage of FedMeta-GeoLane becomes overwhelmingly
clear on unseen locations. The centralized Meta-GeoLane yields a total loss of
69.61 when exposed to a novel environment. The federated variant suppresses this
error to 32.38, marking a 53.5% improvement in zero-shot transfer. This confirms
that federated meta-learning not only optimizes performance at trained sites but
successfully extracts highly generalizable topological features for completely unseen
deployments.

However, lane count estimation remains an outstanding analytical challenge.
Despite massive improvements in spatial boundary extraction, the lane number loss
(Llane_num) remains non-zero across all configurations. This indicates that kinematic
geometry-based clustering alone is mathematically insufficient to guarantee the
correct inference of active lane cardinality. Future iterations must incorporate
stronger topological priors or end-to-end visual reasoning to conclusively resolve
lane counting anomalies.

Qualitative Evaluation

Figure 2.7 visualizes the inferred lane geometries across the four highway corridors
(Yahara, Todd, Monona, and Park). Centerlines and computed boundaries are
overlaid directly onto real-world video frames, providing qualitative proof of the
model’s spatial accuracy.

At Yahara and Todd, all models successfully capture the overarching structure
of the multi-lane environment. Yet, lane count classification remains volatile. At
the Todd deployment, all models either improperly merge adjacent lanes or under-
segment them, generating visible boundary overlaps.

The Monona deployment exposes a critical data-driven limitation. None of
the models successfully identifies the leftmost lane. This physical lane correlates
with a trajectory contour possessing extremely sparse vehicle detections within
the training set. This omission proves that the meta-learned configuration actively
deprioritizes low-frequency spatial zones. The optimization process is inherently
biased toward high-traffic structures, ignoring regions with insufficient kinematic
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evidence.
The Park scene serves as the ultimate unseen deployment test, characterized

by complex curvature and diverging off-ramp geometry. Predictably, no model
achieves flawless alignment. While both FedMeta-GeoLane and the baseline suc-
cessfully infer visually plausible lanes along the primary flow vector, structural
inaccuracies emerge immediately within the divergence areas. The centralized
Meta-GeoLane performs particularly poorly here, failing to generalize to topologi-
cal splits it was never trained to recognize.

Figure 2.8: FedMeta-GeoLane: the aver-
age and standard deviation of parame-
ter alignment losses across ten epochs.

Figure 2.9: Meta-GeoLane: the average
and standard deviation of parameter
alignment losses across ten epochs.

Finally, Fig. 2.8 traces the parameter alignment loss across federated training
rounds for the FedMeta-GeoLane architecture. The average loss steadily decreases,
accompanied by a rapid reduction in variance. This proves the federated meta-
learner quickly stabilizes its ability to generate task-adaptive geometric parameters.
Figure 2.9 plots the identical metric for the centralized Meta-GeoLane. While initial
loss spikes higher due to severe client-specific discrepancies, it also converges.
However, its overall variance remains significantly wider, indicating much weaker
generalization stability when compared directly to the federated architecture.

2.5.3 Transmission Cost Analysis

To rigorously evaluate architectural scalability, transmission costs are quantified in
terms of raw data upload/download volumes and the required bit-per-second (BPS)
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Table 2.2: Bit Per Second Performance Comparison for All Clients

Parameters Baseline Meta FedMeta
Model size (MB) 0 0 0.2
Clients 4 4 4
Rounds 1 20 20
Model Upload (MB) 0 0 0.01
File Upload (MB) 427.3 427.3 5.6
Download (MB) 0 0 0.018
BPS (Mbps) 3418 3418 47.2

network throughput (Table 2.2). Both the static baseline and the centralized Meta-
GeoLane models require each client to transmit full video streams or uncompressed
trajectory logs to the server. This results in a crippling communication cost of
3418 Mbps. While functionally straightforward, this monolithic approach presents
an insurmountable bottleneck for distributed edge deployments due to extreme
bandwidth saturation and severe data privacy violations.

In stark contrast, the FedMeta-GeoLane framework completely bypasses this
bottleneck. It crushes communication overhead by over 98%, requiring a total
BPS of merely 47.2 Mbps. This efficiency is achieved by exchanging only highly
compressed, lightweight model weights over 10 training rounds. No raw kinematic
or video data ever leaves the edge device, definitively preserving driver privacy
while enabling massive system scalability.

2.5.4 Digital Twin Synchronization

Figure 2.10 illustrates a primary capability of the Geo-ORBIT framework: the
continuous, real-time synchronization between physical vehicle trajectories and
their virtual representations within an integrated SUMO-CARLA environment.
In this configuration, CARLA generates a visually rich 3D rendering of the road
segments from the perspective of the simulated roadside cameras, while SUMO
rigorously drives the underlying vehicle kinematics based on extracted trajectory
logic.
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Figure 2.10: Digital twin synchronization with SUMO and CARLA at multiple
locations, driven by real-time empirical vehicle trajectories.

The system securely links these two environments. It maps the visually inferred
vehicle trajectories—processed at the edge by the perception module, directly onto
their SUMO counterparts. This creates a side-by-side analytical environment. Re-
searchers can directly compare visually perceived vehicle behavior against the
simulation-grounded mathematical truth, providing an indispensable mechanism
for validating edge perception models and ensuring absolute digital twin consis-
tency.

2.5.5 Discussions

While the proposed lane detection system demonstrates highly robust empirical
performance, specific operational constraints outline clear trajectories for future
architectural refinement.

Data-Driven Approach to Lane Detection

The detection pipeline relies exclusively on empirical vehicle trajectories for lane
center estimation and spatial clustering. This design deliberately filters out unused
pavement, capturing only active operational flow. However, in regions experienc-
ing extremely sparse traffic, such as the leftmost lane in the Monona deployment
(Fig. 2.7). This strict kinematic dependence occasionally yields underrepresented
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lane boundaries. Furthermore, purely trajectory-based lane count estimation re-
mains a complex challenge (Qiu et al. (2024)). This is particularly true in scenes
dominated by partial occlusion, low vehicular throughput, or complex weaving be-
haviors. Resolving these edge cases necessitates the future integration of secondary
contextual priors. Fusing historical traffic patterns or static scene semantics with
the dynamic kinematic stream will heavily stabilize lane classification under highly
ambiguous geometric conditions.

Calibration Sensitivity

To maintain strict computational efficiency at the edge, the current pipeline em-
ploys homography-based transformations to map pixel coordinates into the global
GPS space. This mathematical approach is highly effective for standard roadside
deployments. Nevertheless, it remains sensitive to severe camera misalignment, im-
perfect manual calibration, and an absence of ground control points. Upgrading the
physical sensory infrastructure would quickly alleviate this spatial uncertainty. In-
tegrating known camera intrinsics, LiDAR-equipped sensor nodes, or survey-grade
GNSS modules would drastically enhance coordinate transformation reliability.
These hardware advances are particularly vital for securing precise geometric align-
ment in topographies featuring steep elevation changes or extreme curvature.

Environmental and Simulation Constraints

The digital twin integration successfully isolates and synchronizes trajectory-level
realism utilizing the combined SUMO-CARLA architecture. However, the current
simulation environment deliberately omits auxiliary physical contexts, such as
dynamic weather conditions, dense vegetation, and occluding roadside structures.
These environmental variables heavily dictate human driving behavior. Expand-
ing the digital twin to ingest and render these complex, dynamic environmental
elements constitutes a critical future milestone. Additionally, evaluating the frame-
work’s responsiveness to sudden, temporary infrastructure modifications, such as
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active work zones or emergency lane closures, will further validate the system’s
real-world resilience.

2.6 Conclusions
This chapter presented Geo-ORBIT, a federated meta-learning framework designed
to bridge the fundamental gap between real-time roadside perception and dynamic
digital twin modeling. By treating each camera deployment as an independent edge
entity, the architecture learns optimal spatial parameters via a privacy-preserving
meta-learner. This guarantees robust performance across highly diverse traffic to-
pographies. The framework dynamically adapts spatial detection pipelines without
requiring local backpropagation. Consequently, it operates effectively in both seen
and unseen environments, strictly preserves data privacy, and slashes network
transmission costs by orders of magnitude.

Quantitative metrics validate the superiority of this distributed approach, high-
lighting massive gains in centerline accuracy and cross-camera generalization. Qual-
itative evaluations confirm that while baseline models extract only coarse geome-
tries, FedMeta-GeoLane consistently locks onto fine-grained spatial alignments.
Despite these successes, kinematic lane count estimation and sparse traffic handling
remain active research challenges. Future iterations will fortify model robustness
by fusing supplementary contextual cues into the perception pipeline. Concur-
rently, the digital twin environment will be expanded to support highly complex,
multi-scenario simulations enriched with dynamic environmental constraints.

By leveraging distributed vehicle trajectories and federated optimization, Geo-
ORBIT establishes the critical physical perception layer required for a fully scalable
digital twin ecosystem. However, raw geometry alone carries zero operational
meaning. To evaluate whether these perceived physical states mathematically
conform to established traffic engineering principles, the next chapter introduces
a unified knowledge management framework. This subsequent architecture is
specifically designed to formally codify regulatory logic and validate infrastructure
capacity (Chapter 3).
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3 crosstraffic: a unified, open-source framework for
reproducible transportation analysis and knowledge
management

Building upon the scalable, lane-level scene understanding established in Chapter 2,
a digital twin requires further conceptual comprehension to semantically interpret
its operational capacity. While Geo-ORBIT provides the foundational physical
representation of the roadway, a robust Advanced Traffic Management System
(ATMS) demands a validation layer. This layer determines whether inferred physi-
cal configurations conform to established traffic engineering procedures. Currently,
foundational transportation knowledge remains siloed within static, non-reciprocal
tools. This fragmentation actively prevents dynamic integration into digital twins,
making it difficult to automatically verify representations or quantify their precise
operational implications.

To address this gap, this chapter introduces CrossTraffic, a unified and extensi-
ble framework for intelligent transportation knowledge management. Designed to
serve as this critical validation layer, CrossTraffic codifies established transportation
methodologies into versioned, testable computational modules. The framework
provides the structured facility schemas and algorithmic rules necessary to evalu-
ate whether a digital twin’s operating conditions conform to standard engineering
procedures. By establishing a dynamic, open ecosystem, CrossTraffic ensures con-
sistent capacity and Level of Service (LOS) computations. This directly enables
reproducible scenario testing and collaborative model improvement.

Beyond structural computations, CrossTraffic introduces a novel semantic deci-
sion support layer powered by Large Language Models (LLMs). This chat-based
interface transforms user interaction with complex Highway Capacity Manual
(HCM) methods, facilitating the intelligent retrieval of methodologies and the
natural-language orchestration of analytical workflows. Early benchmarks and
co-simulation case studies demonstrate the framework’s ability to uncover dis-
crepancies between simulation outputs and manual-based calculations, yielding
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highly consistent, reproducible results to support human decision-making. While
the current implementation is scoped to the HCM and AASHTO Green Book,
the underlying architecture is manual-agnostic. It is fundamentally designed to
consolidate transportation knowledge across the broader digital twin ecosystem.

3.1 Introduction
Designing safe and efficient transportation systems has long been a central tenet
of transportation engineering. This discipline is supported by a shared, founda-
tional body of knowledge, ranging from the empirical equations of the Highway
Capacity Manual (HCM) to the regulatory definitions of the American Associ-
ation of State Highway and Transportation Officials (AASHTO). However, the
current ecosystem for managing this knowledge remains overwhelmingly closed
and fragmented. Critical methodologies are typically locked within proprietary,
black-box software tools or buried within unstructured PDF documents (Oman
et al. (2009)). This lack of machine-interpretable representation severely disperses
transportation knowledge. It makes baseline assumptions difficult to verify, in-
herently limiting opportunities for reuse, collaborative innovation, and rigorous
analytical reproducibility (Kleinsteuber et al. (2024)).

In response, earlier efforts emphasized the creation of Transportation Knowledge
Networks, decentralized infrastructures designed to connect information providers
across jurisdictions (Oman et al. (2009); Jenks et al. (2015)). While these initia-
tives successfully improved document access and facilitated technology transfer,
true computational interoperability remains elusive. Consequently, the absence
of a unified, machine-readable representation of these methodologies continues
to impede automated validation, cross-tool integration, and the reliable deploy-
ment of simulation-driven decision support systems within Advanced Intelligent
Transportation Systems (ITS) (Harrison et al. (2025)).

To bridge this gap, recent research has increasingly adopted ontology-driven
architectures (Bai et al. (2025)). Representing domain knowledge as a structured
Knowledge Graph (KG) enables the direct transformation of static manuals into ex-
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ecutable standards. These standards actively constrain and validate computational
workflows. This paradigm is particularly critical in the era of Generative AI. Large
Language Models (LLMs) offer highly capable natural-language interfaces, yet
they lack the inherent deterministic reliability required to perform safety-critical
engineering without structured mathematical guardrails (Bubeck et al. (2023)).
However, a KG alone is insufficient. It must be embedded within an open, au-
ditable software ecosystem that explicitly supports community maintenance and
continuous peer review of the encoded logic.

To realize this paradigm, this chapter introduces CrossTraffic, an open-source
knowledge management system (KMS) designed to represent and execute trans-
portation engineering logic. Within CrossTraffic, regulatory constraints, analytical
procedures, and validation rules are encoded as auditable, reusable digital artifacts
rather than being obscured within monolithic software applications. The system
deliberately separates semantic validation, computational execution, and user in-
teraction into independent, modular components, preserving absolute analytical
correctness and reproducibility.

From its inception, CrossTraffic has evolved significantly beyond a simple calcu-
lator into a robust, comprehensive KMS. This chapter documents the framework’s
architecture, its ontological underpinnings, and its empirical validation as a plat-
form for modern transportation systems. The primary contributions of this work
are:

1. A Framework for Open Knowledge Maintenance: The introduction of a
modular architecture that decisively decouples regulatory logic from compu-
tational execution, significantly lowering the barrier for community contribu-
tion and continuous maintenance.

2. Ontological Standardization of Terminology: A demonstration of how a
domain-specific KG effectively manages and enforces the complex, hierarchi-
cal relationships between transportation terminologies.

3. Cross-Platform Reproducibility & Reliability: By centralizing knowledge
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within a strict computational core, model-agnostic fidelity experiments prove
that integrating this structured knowledge with LLMs reduces computational
error by > 94%. This effectively resolves the black-box reproducibility crisis
currently inherent in generative AI engineering applications.

3.2 Related Works

3.2.1 Knowledge Management for Open Transportation Science

Recent work in knowledge management has proposed structured, open, and col-
laborative approaches for organizing transportation information (Pangaribuan and
Satrya (2024)). Effective practices in this domain rely on capturing, curating, and
sharing expertise across stakeholders to support informed decision-making and
enable organizational learning (Bolisani and Bratianu (2018); Olan et al. (2022);
Jarrahi et al. (2023)). However, transportation agencies face significant institutional
barriers to achieving this vision. Siloed information systems often dominate state
departments and municipal agencies. This leads to incompatible systems for traffic
data, manuals, and analytical tools, ultimately crippling inter-agency interoperabil-
ity (Jenks et al. (2015)). Furthermore, proprietary software frequently encapsulates
fundamental methodologies, limiting transparent access and preventing the collab-
orative refinement of analytical procedures (Weerakkody et al. (2021)). To address
these challenges, research has proposed curation-oriented models, such as the
Digital Curation Center model (Higgins (2008)) and the framework of Irani et al.
(2023), which emphasize the systematic description, representation, preservation,
and reuse of informational resources.

Building upon these curation efforts, modern transportation practice increas-
ingly relies on data-driven and simulation-based decision support systems. These
require the seamless integration of heterogeneous data sources with formal ana-
lytical models (Chowdhury et al. (2024)). In parallel, digital twin initiatives have
expanded the use of real-time data coupled with microscopic simulation for opera-
tional planning and system optimization (Kušić et al. (2023)). Creating a robust
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middleware system for cross-platform interoperability is a strict prerequisite for
a cohesive smart city testbed (Goumopoulos (2024)). At the organizational level,
sustained analytical practice depends entirely on effective knowledge sharing and
cross-disciplinary collaboration across safety, mobility, and infrastructure planning
(Kleinsteuber et al. (2024); Irfan et al. (2022)). Despite these advances, existing
infrastructures primarily support rudimentary data and document exchange rather
than providing executable representations of analytical procedures. Consequently,
the absence of a unified, machine-executable representation of codified transporta-
tion knowledge continues to limit reproducibility and scalable interoperability for
traffic operations (Santana et al. (2017); Riehl et al. (2025)).

3.2.2 Semantic Intelligence and Decision Support Layers

Within this chapter, the term semantic intelligence refers to language-centered in-
terfaces and representation learning techniques that support the interpretation,
retrieval, and explanation of transportation knowledge via natural language inter-
action.

As transportation systems grow increasingly complex, there is surging demand
for artificial intelligence-based decision support tools. These tools help practition-
ers navigate and query massive bodies of domain knowledge (K. and F. (2018);
Zhang et al. (2025)). Recent advances in LLMs and retrieval-augmented generation
(RAG) (Lewis et al. (2020)) have enabled powerful natural language interfaces for
transportation knowledge access (Tupayachi et al. (2024); Ye et al. (2025)). These
systems allow users to pose queries naturally and retrieve relevant methodolog-
ical descriptions, reports, or documentation, drastically improving usability for
non-expert users (Lu et al. (2025)).

In the transportation domain, such language-driven semantic interfaces have
been explored for numerous applications, including traffic management support
(Masri et al. (2025)), interaction with digital twin platforms (Yang et al. (2024)),
and the adaptive control of connected and automated vehicles (Cui et al. (2024)).
Despite these advances, LLM-based semantic layers remain fundamentally proba-
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bilistic. They operate primarily over unstructured or weakly structured text. As a
result, existing studies report persistent limitations regarding analytical reliability,
completeness of domain coverage, and the standardization of tool integration (Nie
et al. (2025)).

A central challenge is that most current LLM and RAG systems operate com-
pletely independent of authoritative engineering manuals and regulatory proce-
dures. This isolation makes it nearly impossible to guarantee that retrieved or
generated analytical workflows actually comply with established standards. This
frequently leads to semantic hallucinations and severe procedural inconsistencies
when models infer or omit required steps.

3.2.3 Ontology-Based Knowledge Management in Transportation

In contrast to probabilistic language-centered interfaces, ontology-based knowledge
management formally represents domain concepts, rules, and relationships in strict,
machine-interpretable structures that support deterministic reasoning.

Ontology-based Knowledge Management Systems (OKMS) provide a formal
specification of shared conceptualizations, enabling software to accurately reason
about entities, attributes, and relationships (Gruber (1993); Studer et al. (1998);
Hogan et al. (2021)). As reviewed by Mora et al. (2022), OKMS offers a highly struc-
tured framework for transforming tacit domain knowledge into explicit, machine-
executable logic. By leveraging W3C standards such as the Resource Description
Framework and the Web Ontology Language (McBride (2004)), these systems
support formal reasoning and the structured integration of heterogeneous datasets
across domains. Large-scale infrastructures like KnowWhereGraph (Janowicz
et al. (2022)) illustrate the successful application of ontology-based integration in
geospatial contexts.

Within the transportation sector, ontologies have successfully supported data
interoperability and semantic integration. For example, Fernandez et al. (2016)
proposed an ontology-driven architecture based on the Semantic Sensor Network
ontology to interpret real-time traffic situations from varied sensor streams. Zhang
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et al. (2025) employed KGs to represent mobility-related entities, combining rule-
based and neural models to infer semantic trip purposes from numerical data.
Similarly, Gan et al. (2025) demonstrated the use of KGs for underground infras-
tructure management, applying entity disambiguation techniques to consolidate
redundant data records.

Despite these successes, a critical gap remains regarding the use of ontologies for
normative and regulatory reasoning in transportation engineering. Existing works
primarily support descriptive interoperability, such as data integration (Gan et al.
(2025)) or general semantic decision support (Moradi et al. (2013)). However, these
approaches fail to establish an explicit connection between ontology-based knowl-
edge representations and the actual execution of regulatory validation procedures.
This work directly addresses this gap by introducing an executable regulatory ontol-
ogy. This ontology links formal domain concepts to concrete analytical procedures,
rigorously verifying multi-source regulatory constraints prior to any computational
execution.

3.3 System Architecture
To support the continuous deployment and advancement of transportation knowl-
edge, this chapter presents the architecture of CrossTraffic. The framework provides
a structured approach that strictly decouples the definition of engineering rules
from their computational execution.

As illustrated in Fig. 3.1, the framework consists of three tightly connected com-
ponents: (1) The Computational Core, a high-performance Rust library that serves
as the authoritative repository for transportation equations and data structures; (2)
The Middleware Layer, which exposes this core to multiple programming environ-
ments through Python bindings and WebAssembly (WASM); and (3) The Interac-
tion Ecosystem, which delivers user-facing applications such as web calculators,
desktop clients, and intelligent agents. Spanning these components, CrossTraffic
incorporates an active, ontology-driven semantic validator that inspects all analyti-
cal requests and parameters prior to execution. The mechanics of this validation
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Figure 3.1: Modular architecture of the CrossTraffic platform. The system is strat-
ified into three integrated layers: the Computational Core (Transportations Li-
brary) for authoritative calculation, Middleware for providing bindings, and the
Interaction Ecosystem for distributions of capabilities across multi-platforms. An
ontology-driven semantic validation layer (yellow highlighted area) operates across
these components to validate analytical requests and parameters.

layer are detailed in Section 3.4.

3.3.1 Computational Core: Transportations Library

The Transportations Library serves as the foundational layer of CrossTraffic, pro-
viding the authoritative implementation of transportation analysis procedures. The
library is authored in Rust, utilizing a strongly typed and memory-safe program-
ming model (Matsakis and K. (2014)). This enables the compile-time enforcement
of parameter structures and dimensional consistency. Rather than treating engi-
neering inputs as unconstrained floating-point numbers, domain parameters are
rigidly represented as explicit data types.

Each analytical function and equation from established transportation manuals
is encapsulated as a discrete, modular component with precisely defined interfaces.
To maintain the absolute integrity of this source of truth, the library adheres to a
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strict Test-Driven Development paradigm. A dedicated Continuous Integration and
Continuous Development (CI/CD) pipeline runs comprehensive unit tests against
official manual examples. It concurrently runs regression tests against previous
builds on every commit, mathematically guaranteeing that the equations remain
consistent and accurate over time.

3.3.2 Middleware: Python Bindings and WASM Wrappers

To ensure the Transportations Library is broadly accessible across diverse computing
environments, a middleware layer compiles the Rust kernel into portable targets.
This layer exposes the core computational capabilities directly through Python
bindings and WebAssembly (WASM) (WebAssembly Project and Contributors
(2022)) wrappers.

The Python interface, engineered via PyO3 (PyO3 Project and Contributors
(2017–2025)), empowers researchers and practitioners to seamlessly integrate the
library’s authoritative calculations into their custom data analysis workflows. This
enables high-throughput analysis without the dangerous need to reimplement
underlying equations. For web and cross-platform deployment, CrossTraffic utilizes
a WASM wrapper to compile the library into portable bytecode. Crucially, this
ensures that browser-based calculators execute the exact same mathematical binary
as server-side analyses, guaranteeing perfectly consistent results across all operating
systems without requiring native installation.

3.3.3 Cross-Platform User Interfaces

The user-facing layer of CrossTraffic grants practitioners direct access to transporta-
tion methodologies while preserving absolute computational fidelity across diverse
platforms (Fig. 3.2). The primary interface, the HCM Calculator, is distributed
simultaneously as a Progressive Web App and a native desktop client via Tauri.

Beyond static, single-scenario analysis, the framework facilitates dynamic vali-
dation through hybrid co-simulation. The calculator natively supports exporting
standardized inputs as SUMO configuration files (Lopez et al. (2018)). Utilizing
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(a) Console (b) Web-based Calculator (c) Desktop Application

(d) Python Library (e) SUMO (f) Chat Agent

Figure 3.2: CrossTraffic deployed across multiple platforms. (a) Linux console.
(b) Web-based calculator interface. (c) Desktop application packaged with Tauri.
(d) Python library integration. (e) Hybrid co-simulation with SUMO. (f) MCP
connection with the Claude Desktop. Each platform is validated using a consistent
scenario setup to ensure reproducibility across environments.

the TraCI interface, the system can launch SUMO simulations directly from the
desktop client, establishing an immediate, verifiable connection between the static
analytical framework and dynamic microscopic traffic simulation.

Generative AI Integration (MCP)

The final component of the interaction ecosystem is the Model Context Protocol
(MCP) server, which securely connects the computational core to generative AI
agents. The MCP server explicitly exposes the functions of the Transportations
Library as callable tools for LLMs. Consequently, this interface successfully merges
probabilistic language-based retrieval (RAG) with highly structured, deterministic
tool invocation.

To support language-centered semantic interaction with transportation manuals,
the interface adopts the RAG architecture (Lewis et al. (2020)). Official documen-
tation (e.g., HCM chapters) is preprocessed and embedded into a ChromaDB
vector database. This facilitates semantic similarity-based retrieval of highly rele-
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vant passages in response to user queries. The system then renders an interactive
decision-support interface. Users may request complex explanations or full analy-
sis workflows (e.g., level-of-service computations), safe in the knowledge that all
numerical results are deterministically generated exclusively through the verified
computational core.

3.4 The Ontology-Driven Architecture

Figure 3.3: The validation execution pipeline. The pipeline converts heterogeneous
design inputs into normalized parameters, resolves their regulatory context, re-
trieves applicable design rules from the KG, and evaluates all constraints through
the Validation Engine. It then allows downstream computation and simulation to
proceed.

A fundamental challenge in modern transportation analytics lies not in numer-
ical computation itself, but in the strict verification of contextual and regulatory
validity. Standard software tools treat engineering inputs (e.g., lane width, grade)
as generic numbers. In stark contrast, the CrossTraffic framework treats inputs as
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distinct semantic entities. They are relentlessly constrained by formal regulatory
and design rules derived directly from the HCM.

While Section 3.3 detailed the computational infrastructure, this section out-
lines the internal mechanics of the Semantic Validator. This specific component
transforms the system from a passive data conduit into an active validation layer. It
achieves this by validating all inputs against a formal, external Knowledge Graph
(KG) prior to execution.

As illustrated in Fig. 3.3, the validator enforces a strict domain-specific ontology.
By structuring transportation knowledge as a formal graph G = (V , E), the system
seamlessly executes graph queries to detect complex, multi-variable constraint vio-
lations (e.g., speed and radius incompatibility) that simplistic arithmetic validators
routinely miss. The following subsections define the ontological structure, the
formal constraint definitions, and the algorithmic execution pipeline.

3.4.1 Domain-Specific Ontology Structure

Unlike traditional database schemas designed merely to enforce data types, the
Semantic Validator explicitly enforces engineering logic. The KG schema is organized
into five distinct node classes (V) connected by semantic relationships (E). This
structure transcends simple look-up tables by explicitly encoding the complex
dependencies between parameters, rules, and their authoritative sources.

Node Entities (V)

The ontology defines the following entity types:

• Parameter (P ): Represents atomic engineering variables. Each node contains
metadata linking it via a foreign key to the corresponding Rust struct field,
guaranteeing absolute type safety.

• DesignRule (R): Encodes the mathematical validation logic. These nodes
possess a rule_type attribute and a severity level, allowing for nuanced,
tiered feedback to the user.
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Figure 3.4: The KG Ontology. Rules (Yellow) act as the central connectors, linking
engineering Parameters (Blue) to their contextual Conditions (Green) and authori-
tative Sources (Red).

• Condition (C): Represents the environmental or operational context. These
nodes act as logical gates, dynamically determining when specific rules are
active.

• Provenance (S): Composed of SourceDoc (e.g., HCM 7th Ed.) and SourceRef
(e.g., Chapter 15, Eq 15-3). These nodes guarantee auditability, ensuring every
validation error can be instantly traced to a specific legal or technical citation.

Semantic Relationships (E)

The edges define the inferential capabilities of the system:

• (R)-[:VALIDATES]->(P): Links a logic rule to the specific parameter it gov-
erns.

• (R)-[:REQUIRES]->(C): Establishes conditional logic. A rule node possess-
ing this edge is evaluated only if the input scenario perfectly matches the
connected Condition.
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• (P)-[:AFFECTS]->(P): Defines downstream dependencies. This allows the
system to instantly invalidate derived metrics the moment a root parameter
changes.

• (R)-[:CITED_IN]->(S): Provides the definitive audit trail, linking mathemat-
ical logic directly to the text of the official manual.

Formal Constraint Definitions

Within this ontological structure, the graph is populated with specific Semantic
Validator constraints (SF-) derived directly from the HCM (7th Edition) and
AASHTO design standards. These constraints function as the instance layer of
the ontology, ensuring the logical robustness of the entire framework. They are
categorized into three distinct classes:

• Geometric Validity (SF-001, SF-002): Enforces physical dimensional limits
calibrated to the empirical scope of the manual (e.g., 9 ≤ Lane Width ≤ 12 ft).

• Operational Logic (SF-003, SF-004): Validates discrete categorical variables.
This ensures that facility classifications (e.g., Passing Zones) strictly align
with their surrounding geometric context.

• Physics-Based Safety (SF-005): A complex relational constraint enforcing
the non-linear relationship between design speed (V ) and minimum curve
radius (Rmin), dictated by centripetal force and pavement friction.

3.4.2 The Validation Execution Pipeline

The operational core of the Semantic Validator is the pipeline itself. Unlike conven-
tional input validation, which is typically hardcoded directly into procedural scripts
(e.g., if x < 0), CrossTraffic delegates all validation to a dynamic, graph-based
rule evaluation process.

The pipeline executes four distinct phases for every single computation request:
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Table 3.1: Five Semantic Validator Constraints (Two-Lane Highway)

ID Parameter Valid Range Source

SF-001 Lane Width 9–12 ft HCM 7th Ed.
SF-002 Shoulder Width 0–8 ft HCM 7th Ed.
SF-003 Horizontal Class 0, 1, 2, 3, 4, 5 HCM 7th Ed.
SF-004 Passing Type Constrained, Zone, Lane HCM 7th Ed.
SF-005 Design Radius R ≥ Rmin(Vdesign) AASHTO Green Book

1. Semantic Mapping: The incoming JSON payload is parsed, and all keys
are mapped to Parameter nodes (P ) within the ontology. Unrecognized
parameters are immediately flagged.

2. Context Resolution: The system evaluates the global state (e.g., FacilityType)
against Condition nodes (C) to mathematically determine the active rule set
Ractive ⊂ Rtotal.

3. Predicate Evaluation: For each active rule r ∈ Ractive, the system evaluates
the logical predicate fr(p) against the provided input value p.

4. Enforcement: If ∀r, fr(p) = True, the validated inputs are safely serialized
into Rust structs. If ∃r, fr(p) = False, the pipeline halts instantly and returns
a highly structured SemanticException.

Algorithm 1 details this logic. Notably, the retrieval function GetActiveRule
effectively pre-filters the graph. It returns only those rules where the connected
Condition node matches the input context I, drastically optimizing the verification
process for real-time execution.
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Algorithm 1: Semantic Validator Execution Logic
Input: User Input Vector I, Knowledge Graph G(V , E)

1 Errors← ∅;
2 foreach parameter p ∈ I do
3 Nodep ← FindParameterNode(G, p.key);
4 ActiveRules← GetActiveRules(Nodep, I);
5 foreach rule r ∈ ActiveRules do
6 if ¬Evaluate(r, p.value) then
7 Citation← TraverseSource(r);
8 Errors.push(FormatError(r, Citation));

9 if Errors ̸= ∅ then
10 return Reject(400 Bad Request, Errors);
11 else
12 return Proceed(200 OK, ExecuteRustCore(I));

3.5 Experimental Validation and Results
To evaluate the operational feasibility and effectiveness of CrossTraffic as a uni-
fied knowledge management framework, four distinct validation studies were
conducted. These studies rigorously assess the framework’s ability to ensure oper-
ational consistency, logical robustness, digital-twin scalability, and generative-AI
reliability.

3.5.1 Ground Truth and Operational Consistency

A ground-truth baseline was first established to verify that the framework con-
sistently executes HCM equations accurately across entirely heterogeneous user
interfaces.
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Case Study: River Falls Bypass

A real-world corridor was selected for evaluation: WIS 35/WIS 65 along the River
Falls Bypass (Wisconsin). This corridor is characterized by moderate geometric
complexity and highly variable passing opportunities (Fig. 3.5). The analysis strictly
follows HCM Chapter 15 guidelines. It models five consecutive segments featur-
ing mixed passing-constrained and passing zones, alongside horizontal curves
requiring superelevation adjustments.

Figure 3.5: Case study visualization on WIS 35/WIS 65 along the River Falls Bypass

Inference Consistency Verification

To evaluate cross-interface consistency and reproducibility, the exact same opera-
tional analysis was performed using both the deterministic Web Calculator (WASM)
and the probabilistic LLM-based semantic interface integrated via MCP.

As summarized in Table 3.2, the results overwhelmingly confirm the efficacy
of the single source-of-truth architecture. Despite utilizing fundamentally differ-
ent interaction modalities, both interfaces produced an identical overall level of
service (LOS C). Minor discrepancies in average speed (AS) and follower density
(FD) (all within 0.05) are safely attributed to standard floating-point rounding
differences between the browser-based runtime and the server-side execution envi-
ronment. These results confirm that the shared computational core and semantic
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Table 3.2: Segment-Level and Overall LOS Comparison between Web Calculator
(WASM) and LLM Interface

Segment Web Calculator (WASM) LLM Interface
AS (mph) PF (%) FD (fol/mi) LOS AS (mph) PF (%) FD (fol/mi) LOS

1 59.17 59.36 5.41 C 59.33 53.8 5.35 C
2 59.90 47.98 4.32 C 54.14 43.0 4.90 C
3 56.70 56.59 5.38 C 56.56 51.3 5.15 C
4 56.90 48.04 4.32 C 54.19 43.0 4.92 C
5 56.76 55.10 5.23 C 55.07 50.0 5.02 C

Overall 5.09 C 5.05 C

interface successfully produce consistent, replicable analytical results across the
entire ecosystem.

3.5.2 Logical Robustness and Constraint Enforcement

To quantify the regulatory capacity of the semantic validator, a severe stress test
was conducted utilizing a stochastic adversarial generator. Instead of relying on
randomized standard testing, this generator employed aggressive boundary value
analysis. It specifically targeted the edges of geometric validity where software
systems most frequently fail.

The generator produced N = 1000 synthetic test vectors. This dataset included
severe boundary attacks (e.g., 12.01 ft lanes) and complex combinatorial conflicts
(e.g., exceptionally high speeds paired with impossibly tight radii). The resulting
payload contained a mix of perfectly compliant designs alongside diverse violations,
including negative dimensions, excessive grades, and physics-incompatible speed-
radius pairs.

As detailed in Table 3.3, the framework successfully rejected 100% of invalid
engineering inputs with absolutely zero observed false positives. Furthermore, the
median execution overhead was logged at an astonishing 0.002 ms per check. This
explicitly confirms that the KG-based validator can be safely integrated directly into
high-frequency digital twin simulation loops without introducing any measurable
computational latency.
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Table 3.3: Confusion Matrix of Semantic Validator Stress Test

Metric Value Implications for Engineering Safety
True Positives 740 The system effectively stops dangerous designs
True Negatives 260 The system does not hinder valid workflows
False Negatives 0 Critical safety success without illegal designs passed
F1 Score 1.00 Perfect deterministic reliability

3.5.3 Scalability and Heterogeneous Data Validation

To verify scalability, the evaluation scope was vastly expanded to include industry-
standard digital-twin assets. The evaluation utilized the complete OpenDRIVE
asset suite from the CARLA Simulator (Town01 through Town07)1. This specific
dataset comprises 1, 347 unique road segments and demands 14, 846 individual
parameter checks.

Table 3.4: Digital Twin Validation Results: CARLA Asset Suite (N = 7 Towns)

Asset ID Roads Params Valid Invalid Pass Rate
Town01 (Urban) 98 715 409 306 57.20%
Town02 (Urban) 68 824 452 372 54.85%
Town03 (Mixed) 279 2,440 2,094 346 85.82%
Town04 (Highway) 242 2,708 2,433 275 89.84%
Town05 (Urban/Hwy) 259 3,734 3,407 327 91.24%
Town06 (Highway) 167 2,093 1,927 166 92.07%
Town07 (Rural) 234 2,332 2,009 323 86.15%
TOTAL 1,347 14,846 12,731 2,115 85.75%

The validation results (Table 3.4) effectively demonstrate the ability of the seman-
tic validator to cleanly distinguish between merely geometrically valid road layouts
and specific facilities that actually comply with strict U.S. design and operational
standards.

1CARLA Assets on GitHub: https://github.com/carla-simulator/
opendrive-test-files/tree/master/OpenDrive

https://github.com/carla-simulator/opendrive-test-files/tree/master/OpenDrive
https://github.com/carla-simulator/opendrive-test-files/tree/master/OpenDrive
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• Urban Non-Compliance: Town01 and Town02 exhibited surprisingly low
pass rates (≈ 55%) due to the liberal use of 4.0 m (13.12 ft) lane widths de-
signed to provide generous safety buffers for autonomous vehicle agents.
While perfectly acceptable for theoretical robotics simulation, these dimen-
sions flagrantly violate HCM Constraint SF-001 (Max 12 ft). Under HCM
logic, excessive width induces unsafe, high-speed driving behaviors. Addi-
tionally, the dense urban grid layout introduces exceptionally tight curve radii
(< 200 ft). These are inherently incompatible with the default 55 mph high-
way classification logic, triggering immediate SF-005 (physics-based safety)
violations.

• Highway Compliance: Conversely, highway-focused maps (Town03-Town07)
achieved exceptionally high compliance (> 90%). The standard European
highway lane width (3.5 m ≈ 11.5 ft) falls perfectly within the required HCM
valid range (9 − 12 ft), and the much larger curve radii effortlessly satisfy
AASHTO safety envelopes.

This large-scale experiment proves that the KG does not merely ingest static
data. It actively evaluates data within a strict regulatory and operational context.
For example, the system correctly and automatically identified that while Town01
represents a structurally valid road layout for a robot, it legally does not constitute
a valid two-lane highway facility under U.S. design standards.

3.5.4 Model-Agnostic Performance Validation

Finally, a comparative evaluation assessed whether the framework truly mitigates
hallucination and analytical inconsistency in generative-AI-based transportation
analysis. Four distinct, state-of-the-art agent architectures (GPT-5.2, Claude 4.5
Sonnet, Gemini 3.0 Pro, and Claude 4.5 Opus) were tasked with performing the
complex River Falls case study.

In this study, context-based agents refer to models augmented exclusively with
uploaded PDF content. MCP-integrated agents represent models combining RAG
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methodologies with direct tool invocation through the CrossTraffic MCP server
and the external semantic validation layer.

Quantitative Convergence

Performance was quantified by measuring the Mean Absolute Error (MAE) of
computed traffic metrics (e.g., flow rate, density, speed) strictly against the ground
truth established in Section 3.5.1.

Figure 3.6: Impact of framework augmentation on computational error. Blue bars:
base computational model with Rust-based calculator. Orange bars: PDF context
augmentation for agents. Green bars: CrossTraffic MCP integration with agents.

As illustrated in Fig. 3.6, PDF-based context augmentation exhibited highly
unstable performance. Specifically, providing an unstructured PDF context to
Claude 4.5 Sonnet actually increased the mathematical error from 6.1 to 9.4. This
proves that foundation models struggle massively to reliably interpret and execute
multi-step procedural engineering text. Conversely, all MCP-integrated agents
converged to near-zero numerical error (MAE < 0.50). This success was largely
independent of the specific underlying language model, proving the architecture is
model-agnostic.
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Qualitative Methodological Fidelity

Beyond raw numerical accuracy, the reasoning quality of the engineering analysis
was assessed. A strict rubric (Table 3.5) was defined to score agent responses on a
scale of 1 (Poor) to 3 (Excellent) when provided with identical prompts.

Table 3.5: Qualitative Assessment Criteria for Engineering Agents

Dimension Definition of Excellent (Score 3)

Methodological Fi-
delity

Explicitly references specific HCM chapters/equations rather than
generic rules of thumb.

Parameter Extraction Precisely maps user text to strongly-typed structs, capturing secondary
details (e.g., superelevation).

Analytical Orchestra-
tion

Provides a rigorous trace of the sequential analysis, linking specific
library functions directly to results.

Hallucination Mitiga-
tion

Strictly refuses to estimate missing data, forcefully requesting clarifi-
cation instead of guessing.

Scientific Interpretabil-
ity

Provides key technical findings clearly explaining why the facility
performs at its current LOS.

Figure 3.7: Qualitative scoring heatmap across multiple agents with different aug-
mentation strategies. Lower numbers colored in red indicate poor performance on
the metric, and higher numbers with green indicate better performance.

The heatmap results (Fig. 3.7) reveal a sharp performance contrast. While PDF-
based context-augmented agents showed slightly improved parameter extraction,
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they failed disastrously in analytical orchestration. They frequently hallucinated
numerical answers without providing any explicit computational trace. In com-
plete contrast, MCP-integrated agents consistently achieved exceptional scores in
methodological fidelity. They reliably generated highly structured execution traces
perfectly aligned with HCM procedures.

A minor trade-off was observed regarding contextual understanding. Because
MCP-integrated agents prioritize structured tool execution over creative inference,
they occasionally underutilized implicit or underspecified user inputs when com-
pared to context-only agents. In a small number of edge cases, the strict schema
requirements forced models to aggressively infer missing parameters rather than
politely requesting user clarification. Nevertheless, scientific interpretability re-
mained incredibly strong. This was particularly true when agents were explicitly
prompted to provide step-by-step validation of their intermediate assumptions.

3.6 Discussion
The development and deployment of CrossTraffic represents a concrete, verifiable
step toward modernizing transportation analysis workflows. It explicitly demon-
strates the feasibility of transforming complex, static engineering manuals into a
unified, continuously deployable knowledge management system. Beyond val-
idating the sheer technical feasibility of the architecture, these findings reveal
fundamental engineering trade-offs regarding API design, agent orchestration, and
organizational adoption that will directly dictate the practical deployment of future
AI-assisted engineering systems.

3.6.1 API Granularity and the Agentic Trade-off

Decomposing monolithic HCM procedures into reusable, discrete computational
endpoints brilliantly enables modularity and cross-platform deployment. However,
it introduces an inherent trade-off between endpoint granularity and orchestration
complexity. During this evaluation, both baseline and MCP-integrated agents
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occasionally stumbled during analytical orchestration (Fig. 3.7). These failures
were primarily caused by incorrect endpoint sequencing, the skipping of necessary
intermediate steps, and the inconsistent handling of intermediate states across
highly complex, multi-step workflows.

The effective deployment of AI agents requires a robust extraction layer. This
layer must translate deeply heterogeneous user inputs into perfectly structured
parameters. It simultaneously requires an evaluation layer that presents analyti-
cal results in a professionally interpretable, engineering-grade format (Shankar
et al. (2024); Polak and Morgan (2024)). In the current implementation, parameter
extraction and result presentation are handled entirely through prompted LLM
roles. While generally effective, observed failure modes included implicit facility
misclassification, unit ambiguity, and incorrect parameter binding when seman-
tically similar variables coexisted in the prompt. These findings strongly suggest
that future agent controllers must employ rigorous, dependency-aware planning
over the API and Knowledge Graph, rather than relying naively on prompt-based
endpoint chaining (Huang et al. (2024)).

3.6.2 The Necessity of Semantic Guardrails

A central, highly critical empirical finding of this research is that RAG does ab-
solutely not guarantee engineering validity. As proven in Fig. 3.6, providing un-
structured PDF context to foundation models frequently degraded computational
accuracy and actively increased numerical error. This produced procedurally plau-
sible but mathematically invalid execution paths. This phenomenon is defined here
as semantic hallucination, where agents misapply equations with extreme confidence
or completely omit mandatory analytical steps.

In stark contrast, MCP-integrated agents consistently converged to near-zero
error across every evaluated foundation model (MAE < 0.50). This proves defini-
tively that executable mathematical constraints and KG-based validation are an
absolute requirement for procedural reliability. While RAG remains highly valu-
able for document retrieval and high-level conceptual explanation, it is entirely



57

insufficient for enforcing normative analytical workflows (Gupta et al. (2024)).
These results, therefore, strongly advocate for hybrid context-infused architectures.
In these systems, LLMs flexibly interpret user intent, while highly structured com-
putational and ontological layers strictly constrain and regulate all permissible
mathematical operations.

A corresponding, minor limitation of this architecture is a phenomenon termed
the reading gap. Schema-constrained agents occasionally fail to exploit implicit
or underspecified user context (Fig. 3.7). Because only explicitly provided or
formally represented parameters can be passed to the validated computational
tools, contextual assumptions expressed loosely in natural language are frequently
ignored, as they cannot be safely translated into executable mathematical inputs.

3.6.3 Open Source Significance for Transportation

Finally, this work explicitly highlights the persistent, damaging tension between
proprietary black-box software and the fundamental scientific requirement for
reproducibility (Wood and Schalkwyk (2025)). Although the base equations un-
derlying most transportation analysis tools are publicly documented, their actual
operational implementations are overwhelmingly embedded within closed-source,
proprietary systems. This practice creates massive, insurmountable barriers for
researchers and practitioners seeking to inspect, verify, or safely extend analytical
methodologies.

CrossTraffic does not single-handedly resolve the broader institutional and
standardization challenges that currently paralyze open transportation knowledge
infrastructures. Organizations responsible for developing official manuals must
constantly balance the protection of proprietary design processes with the urgent
need for open, community-driven representations of foundational methodolo-
gies. Furthermore, widely adopted, machine-readable standards for representing
transportation equations, procedural rules, and regulatory logic are still entirely
lacking across the industry. Consequently, achieving large-scale interoperability
and sustained knowledge exchange across disparate tools and institutions remains
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a massive open challenge, sitting just beyond the scope of the current framework.

3.7 Conclusions
This chapter presented CrossTraffic, a unified framework for intelligent transporta-
tion knowledge management designed specifically to address the persistent dangers
of fragmented, static, and siloed engineering tools. By establishing an executable
architecture where transportation procedures are rigorously represented as both
validated computational functions and formal semantic constraints, CrossTraffic
serves as a single, unassailable source of analytical logic.

Furthermore, the integration of Large Language Models (LLMs) into this vali-
dated execution environment demonstrated massive, quantifiable improvements
in computational fidelity and methodological correctness when compared against
context-only, retrieval-based approaches. This ontology-driven decision-support
layer successfully bridges probabilistic natural-language interaction with strict,
normative engineering workflows. It ensures fully reproducible and perfectly au-
ditable results across entirely heterogeneous interfaces, including web calculators,
microscopic simulation pipelines, and conversational AI agents.

While the current implementation successfully proves the feasibility of this
architecture strictly within the scope of the Highway Capacity Manual, sustainable
progress in digital twin ecosystems requires expanding this foundational logic to
encompass much broader regulatory manuals. Establishing standardized, open-
source representations of procedural logic driven by deep collaboration among
software engineers and transportation researchers will remain absolutely critical
for fostering innovation while preserving strict regulatory accountability as these
digital systems scale.

Therefore, CrossTraffic equips the digital twin with the codified rules necessary
to formally validate inferred infrastructure states against established engineering
principles. With the physical roadway perceived (Chapter 2) and the operational
rules codified (Chapter 3), the system now possesses both structural observational
capability and rigorous methodological logic. However, translating these static,
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descriptive assessments into proactive, dynamic traffic management requires a
mathematical representation of how the infrastructure fundamentally functions.
To achieve a fully interactive and constructive environment, the subsequent chapter
introduces a behavior-grounded representation learning framework. This frame-
work enables the system to actively manipulate semantic lane roles and evaluate
dynamic infrastructure modifications (Chapter 4).
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4 behavior-grounded lane representation for digital
twin supported traffic management

The dissertation has thus far established two fundamental capabilities for next-
generation traffic digital twins. The capacity to observe roadway conditions through
sensing, and the ability to reason over transportation operations through structured
computational logic. However, observation and reasoning alone are insufficient
to sustain an interactive, constructive traffic management paradigm. The critical
missing link is a semantic representation layer that bridges the system’s perceptual
capabilities with its capacity for interpretation, comparison, and infrastructural
modification. Without this semantic grounding, lanes remain mere geometric ab-
stractions in perception modules and arbitrary symbolic entities within operational
models, preventing their utility as functional components. To resolve this, this
chapter introduces GeoLaneRep, a behavior-grounded representation framework
that models each lane as an interpretable operational entity, defined through the
joint encoding of its spatial geometry, empirical traffic behavior, and contextual
role. Consequently, this chapter provides the semantic interface required to moni-
tor, compare, and ultimately reshape lane-level traffic scenes within a closed-loop
digital twin ecosystem.

4.1 Introduction
Digital twins have emerged as a promising system for advanced traffic manage-
ment, integrating sensing, simulation, and decision-support capabilities within a
cohesive virtual environment (Xu et al. (2023); Gu et al. (2026)). These systems
can continuously monitor live traffic states, evaluate control strategies, and reduce
manual overhead in scenario generation. However, early traffic digital twins oper-
ated primarily as descriptive platforms for visualization and state synchronization,
and recent traffic management requires more than passive observation. It demands
constructive digital twins capable of interpreting operational shifts and supporting
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rapid, intervention-oriented reasoning (Irfan et al. (2024); Dasgupta et al. (2024)).
This requirement is particularly critical at the lane level, the operational layer

at which traffic management interventions are defined and executed. Although
contemporary digital twins replicate road geometries and vehicle trajectories at high
fidelity, structural reproduction alone is insufficient for operational reasoning (Zhou
et al. (2025); Miller et al. (2021)). Strategic interventions, such as dynamic lane
reassignment, merge coordination, turn regulation, and work-zone configuration,
depend intrinsically on understanding the specific functional role each lane plays
within the broader traffic ecosystem (Feng et al. (2025)). Therefore, a constructive
digital twin must conceptualize each lane not merely as a physical boundary but as
a dynamic, interpretable component whose operational utility can be analyzed and
compared.

Recent advancements in representation learning present a viable methodology
for bridging this semantic gap. A growing body of literature demonstrates that
learned neural embeddings have been shown to extract spatiotemporal structures
from high-dimensional transportation data. For instance, Trajectory Representation
Learning (TRL) improves spatial similarity computations and travel-time estima-
tion (Wang et al. (2024a)), while graph-based architectures encode higher-order
topological dependencies across macroscopic road networks (Mao et al. (2022);
Zhang and Long (2023)). Furthermore, integrated embedding strategies model
multi-agent interaction ego-trajectory predictions (Hou et al. (2023)). These efforts
confirm that neural representations capture rich traffic dynamics, but their focus has
remained disproportionately bounded to moving agents or macro-scale network
topologies, largely bypassing the lane itself as the unit of representation.

This oversight is particularly detrimental to the advancement of traffic digital
twins, which require robust lane-level operational reasoning to complement geo-
metric reconstruction. Prevailing lane representations are strictly topological or
geometric, encoding centerlines, boundaries, and static connectivity. Such features
are indispensable for high-definition map generation and autonomous navigation,
but do not capture the functional semantics of a lane during live traffic operations
(Arman and Tampère (2021)). Two lanes possessing identical geometric parameters
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may serve profoundly disparate operational purposes, ranging from uninterrupted
through-movement to auxiliary flow or merge assistance. Crucially, these functional
roles are not static as they emerge dynamically from the surrounding lane topology,
fluctuating traffic demand, and the continuous trajectory interactions of individual
vehicles (Poggenhans et al. (2018); Naumann et al. (2023)). Consequently, current
methodologies lack a representation that synthesizes static geometric structure
with observed traffic behavior, thereby precluding rigorous semantic comparison
across lanes and across scenes.

The contribution of this work is a behavior-aware lane representation that closes
this gap, together with the training objectives and downstream tasks that exercise
it:

• We introduce GeoLaneRep, a representation learning framework that pro-
duces a single shared lane embedding by jointly encoding spatial geometry,
observed trajectories, and operational descriptors with three parallel encoders
fused via cross-lane multi-head attention.

• We propose a joint training objective that combines contrastive cross-camera
alignment, auxiliary role supervision, and temporal anomaly detection, and
we show empirically that this joint formulation outperforms two-stage and
single-objective variants on every metric we measure.

• We demonstrate that the resulting embedding supports three downstream
tasks through the same encoder weights, including zero-shot cross-camera
lane matching, per-window anomaly detection, and behavior-conditioned
geometry generation, establishing a semantic interface between roadside
observations and lane-level digital twin tasks.
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4.2 Related Work

4.2.1 Digital Twins for Traffic Management

Digital twins in transportation are conceptualized as dynamic virtual counterparts
of physical mobility networks, integrating sensing, communication, and computa-
tional modeling to support monitoring and decision making (Wang et al. (2022,
2024b)). Recent methodological advances have improved dynamic traffic synchro-
nization (Kušić et al. (2023)) and simulation-based analysis (Perna et al. (2025)).
Nonetheless, contemporary transportation digital twins remain anchored in state
alignment, visual replication, and macroscopic calibration (Luo et al. (2025); Bon-
gomin et al. (2025)).

This paradigm presents a critical limitation: effective traffic management relies
not merely on continuous observation, but on interpreting the functional behavior
of the infrastructure as it evolves. Existing frameworks, including those designed to
estimate operational measures (Xu et al. (2025b)) and synchronize lane geometry
(Tamaru et al. (2025)), are predominantly observational. They maintain parity
between physical and virtual states, but they lack a formal mechanism to encode
lanes as actionable semantic units. Advancing toward a constructive digital twin
requires a cohesive representation layer that consolidates structural geometry, traffic
dynamics, and operational semantics. Addressing this methodological gap forms
the primary motivation for this study.

4.2.2 Semantic Understanding of Traffic Operations

While conventional traffic models capture vehicle kinematics, they rarely yield a
learned semantic representation of lane-level operations. Recent work has sought
to augment traffic comprehension by deploying Large Vision-Language Models
(VLMs) (Rivera et al. (2025); Luo et al. (2024)). For instance, CityLLaVA (Duan
et al. (2024)) leverages roadside camera feeds for question-answering on urban
scenes, whereas MAPLM (Cao et al. (2024)) combines multi-view imagery, bird’s-
eye-view projections, and high-definition maps for spatial reasoning. From the
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ego-vehicle perspective, Liao et al. (2024a) fuses LiDAR and video within a VLM
architecture to parse driving environments. Despite their formidable descriptive
capabilities, these frameworks predominantly generate textual or symbolic outputs,
such as natural language narratives, bounding boxes, and scene descriptions, which
remain computationally prohibitive to integrate into the continuous mathematical
control loops required for precise traffic management.

Concurrently, recent work argues that actionable traffic semantics must extend
beyond visible geometry. The PAMR framework (Liang et al. (2026)) jointly models
geometric configurations and semantic traffic rules for robust navigation. Similarly,
Fu et al. (2024a) demonstrates that explicit reasoning over lane structure enhances
scene analysis, particularly in pedestrian-heavy scenarios. At a macroscopic scale,
Xu et al. (2025a) incorporates road connectivity and regional proximity to refine
cross-city traffic forecasting. Building upon these insights, this research pivots
from descriptive, VLM-driven scene interpretation toward infrastructure-centric
representation learning that embeds behavioral semantics directly into the repre-
sentation.

4.2.3 Representation Learning for Transportation and Lane
Structure

Representation learning is increasingly used in transportation engineering to dis-
till latent structure from high-dimensional traffic data (Alahi (2026)). Trajectory
Representation Learning (TRL) frameworks such as START (Jiang et al. (2023))
jointly encode trajectories and road segments for self-supervised recovery, while
GTR (Wang et al. (2025)) and TRACK (Han et al. (2025)) leverage spatio-temporal
encoders and co-attentional transformers to capture intrinsic trajectory dynam-
ics. These methods operate primarily at the network scale or in unconstrained
motion settings, treating the lane as a contextual feature rather than the unit of
representation.

At the lane level, several studies use representation learning to infer lane topol-
ogy. Li et al. (2025a) models lanes as nodes within a unified spatial topology to pre-
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dict nonlinear fluctuations in traffic flow. Complementing this, advanced vectorized
mapping techniques, such as MapTR (Liao et al. (2022)), extract structured lane
networks directly from onboard sensors. Furthermore, generative approaches like
CDSTE (Lei et al. (2024)) and RoadDiff (Li et al. (2025b)) employ diffusion-based
modules to infer fine-grained lane traffic states from macroscopic observations.

While these frameworks demonstrate that lane-specific topological reasoning
improves predictive accuracy, their learned embeddings are optimized for nar-
row, task-dependent objectives. Consequently, they fail to achieve the broader
mandate of representation learning: establishing a generalized methodology that
uncovers underlying data structures to support versatile processing (Alahi (2026)).
To resolve this methodological shortcoming, GeoLaneRep synthesizes geometric
frameworks, trajectory behaviors, and operational descriptors into a single shared
embedding, transforming lanes into semantic entities that are computationally
retrievable, comparable, and amenable to behavior-conditioned synthesis.

4.3 Problem Setup
The GeoLaneRep framework is structured as a three-stage pipeline: observe, encode,
and generate. It represents a lane not as a physical shape alone but as a functional
component defined jointly by its observed traffic behavior, geometric structure,
and operational context. This unified representation is what lets the framework
support multiple downstream tasks, zero-shot cross-camera matching, per-window
anomaly detection, and behavior-conditioned lane generation, through a single
shared embedding.

4.3.1 Problem Formulation and Variable Definition

We formulate each lane as a composite of its geometry, observed trajectories, sum-
mary traffic statistics, and structural role. For a given lane i,

xi = (gi, Ti, si, ri), (4.1)
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Figure 4.1: Overview of the GeoLaneRep pipeline. Roadside observations are
converted into per-lane geometry, trajectories, and descriptors (left). Three parallel
encoders, spatial, temporal, and descriptor, produce per-lane representations that
are fused via cross-lane multi-head attention into a shared semantic embedding
space that supports multiple downstream tasks.

where gi is the physical lane geometry. Ti is the set of vehicle trajectories assigned
to the lane by roadside sensing, si holds aggregated traffic statistics, and ri encodes
the lane’s structural role within its lane group.

The trajectory set is

Ti = { τ (n)
i }Ni

n=1, τ
(n)
i = {(xt, yt)}Tn

t=1, (4.2)

i.e., each lane carries Ni tracklets, and each tracklet is a sequence of 2-D image-
normalized waypoints over Tn frames. Speed and heading are not stored per
timestep; they are derived during preprocessing and enter the model only through
the aggregate descriptor si. To capture short-term traffic variation without over-
whelming the model with noise, we further partition each lane’s trajectory stream
into discrete temporal windows before feature construction.

Beyond raw movement data, the geometric component gi provides a structural
prior, formatted as a centerline polyline gi ∈ RK×2, a sequence of K waypoints in
the same image-normalized coordinate frame. The descriptor si summarizes the
traffic properties derived from the assigned tracklets. The role vector ri captures
interpretable structural signals such as the lane’s lateral rank within its group and
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whether it sits at an edge of the roadway.
For a temporal window w, the per-window trajectory tensor is denoted as

Ti,w ∈ RNi,w×K×2, consisting of Ni,w tracklets that have been arc-length resampled
to K spatial points each. The corresponding traffic descriptor si,w ∈ R4 records four
lane-level quantities computed from those tracklets: mean speed, mean curvature,
mean lateral offset from the lane centerline, and a normalized trajectory count
used as a density proxy. The role vector ri ∈ R5 encodes lateral rank, leftmost and
rightmost edge flags, a successor flag indicating whether the lane continues into a
downstream segment, and the group’s lane count.

Our objective is to learn a mapping

f : xi 7→ zi, zi ∈ Rd, (4.3)

with d = 128 in our implementation. The latent embedding zi is intended to preserve
behavioral semantics, properly trained, it places lanes with similar operational
roles close together even when their raw geometries or camera viewpoints differ
substantially. This makes the representation portable across the downstream tasks
introduced in the experiments.

4.3.2 Input Construction and Preprocessing

Each lane instance is constructed from three primary information streams: static
geometry, dynamic vehicle movement, and interpretable descriptors. The geometric
stream provides the physical backbone of the lane. The trajectory stream captures
how drivers actually interact with that structure, isolating realized behavior from
idealized lane shape. The descriptor stream summarizes operational signals derived
from those interactions, aggregate kinematics (si), and the lane’s structural role
within its group (ri).

Constructing these inputs requires assigning trajectories to candidate lanes
through spatial association with the known geometry within each lane group. We
define a lane group as a set of adjacent lanes that share the same cross-section and
local flow context (e.g., the four lanes of a single direction at a single intersection
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approach). The group provides the basis for determining lateral rank, edge status,
and the neighbor-aware features used by the cross-lane attention.

Observations are then organized into discrete temporal windows, preserving
short-term traffic fluctuations while simultaneously filtering extraneous noise. Ge-
ometry is normalized into a lane group’s shared image-normalized coordinate
frame, and trajectory statistics are aggregated per window. Prior to encoding, the
anchor geometry gi is broadcast across the time dimension of the per-window
stream, and the per-window dynamic statistics are concatenated with the static
role vector to form a single unified descriptor:

xstat
i,w = [ si,w ∥ ri ] ∈ R9. (4.4)

The preprocessing pipeline, therefore, yields aligned, multi-modal inputs in
which each lane is represented as a coherent semantic unit – geometry, behavior,
and structural context bound together – rather than as an isolated geometric line
on a map.

4.4 GeoLaneRep Encoder
GeoLaneRep encodes the preprocessed lane inputs into a shared embedding space
that captures lane-level behavioral semantics. To make latent similarity reflect
operational similarity, the encoder is trained with structurally mined contrastive
supervision across disparate camera views, supplemented by auxiliary role regres-
sion and temporal anomaly objectives that prevent representational collapse during
long training runs.

4.4.1 Input Streams and Fusion

For lane i and temporal window w, the encoder consumes three inputs: (i) a static
lane geometry polyline gi ∈ RK×2, (ii) the set of trajectory polylines Ti,w ∈ RNi,w×K×2

together with a validity mask mi,w ∈ {0, 1}Ni,w that flags which slots correspond
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Figure 4.2: GeoLaneRep encoder architecture. The static lane geometry, the per-
window set of assigned trajectories, and the fused stats–role descriptor pass through
three parallel encoders that each emit a 64-dim embedding. The three embeddings
are concatenated and passed through a fusion MLP to produce the per-window
lane embedding, then averaged over valid temporal windows to obtain a per-lane
embedding.

to real tracklets, and (iii) a fused descriptor vector xstat
i,w formed by concatenating

the four trajectory statistics si,w ∈ R4 with the five-dim structural role descriptor
ri ∈ R5.

The architecture processes these inputs through a geometry stream, a trajectory
stream, and a descriptor stream, each emitting a 64-dim embedding. The three
embeddings are then fused into a single per-window lane representation.

Geometry Stream. The geometry branch maps the static lane shape into a struc-
tural embedding,

f g
i = fgeom(gi) ∈ R64. (4.5)

fgeom first applies a per-waypoint linear projection R2 → R64, adds a fixed sinu-
soidal positional encoding PEK to preserve spatial ordering, and runs the resulting
sequence through a 2-layer Transformer encoder. The token sequence is mean-
pooled across the K waypoitns to a single vector, after which a per-stream Batch
Normalization is applied externally.
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Trajectory Stream. The trajectory branch models how vehicles traverse the lane,

fx
i,w = ftraj(Ti,w, mi,w) ∈ R64. (4.6)

ftraj shares the geometry stream’s per-polyline encoding scheme: each tracklet’s K

waypoints are projected positionally encoded, and Transformer-encoded to a 64-
dim vector. The resulting per-tracklet embeddings are subsequently mean-pooled
across the Ni,w slots with validity mask mi,w used to zero out padded slots and to
divide by the true valid count, so padding does not bias the mean. Per-stream Bach
Normalization is applied externally.

Descriptor Stream. The third branch processes the interpretable descriptor, which
carries operational signals, aggregate kinematics, edge membership, and lateral
ordering, not easily recovered from raw polylines. The descriptor passes through a
two-layer MLP,

f s
i,w = fdesc

(
[si,w ∥ ri]

)
∈ R64. (4.7)

where fdesc has the form of a two-layer network mapping from R9 → R64, with
per-stream Batch Normalization and GELU activations so that all three streams
share the same output normalization scheme.

Fusion. The three branch outputs are concatenated to form an intermediate repre-
sentation ci,w = [ f g

i ∥ fx
i,w ∥ f s

i,w ] ∈ R192, which is projected to the final per-window
embedding,

zi,w = ffuse(ci,w) ∈ R128. (4.8)

ffuse expands the 192-dim concatenation to 256-dim intermediate space via a linear
projection, applies GELU activation and dropout, and projects down to the final
R128 embedding.

A global, per-lane embedding is obtained by averaging across Wi valid temporal
windows of lane i,

z̄i = 1
Wi

Wi∑
w=1

zi,w, (4.9)
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This fusion design lets every lane be summarized by a single R128 vector while pre-
serving per-window granularity for the temporal anomaly head, which consumes
the per-window sequence {zi,w}Wi

w=1 directly.

4.4.2 Cross-Lane Attention

In multi-lane road segments, a lane’s operational meaning is inherently relative. A
passing lane is defined by its speed relative to adjacent traffic; an edge lane derives
its role from the physical boundary. To capture these group-relative semantics, Ge-
oLaneRep optionally routes the per-lane embeddings through a cross-lane attention
module before downstream use.

Lanes that share a common group identifier are packed together for joint pro-
cessing. For every ordered lane pair (i, j) within a group, three relative features
are combined:

ϕij =
[
∆lateral(i, j), ∆speed(i, j), ρdensity(i, j)

]
, (4.10)

where ∆lateral(i, j) = slat
i − slat

j and ∆speed(i, j) = sspd
i − sspd

j are signed differences
between the per-lane mean lateral offset and mean speed of the assigned trajectories,
while ρdensity(i, j) = scnt

i

scnt
j +ε

is the ratio of their normalized trajectory counts, clamped
to [−10, 10] to prevent numerical explosion.

The pairwise feature stack Φ ∈ R|G|×|G|×3 is projected linearly to a per-head
bias of dimension equal to the number of attention heads, and added directly to
the scaled dot-product attention scores. A multi-head self-attention block with
a residual connection and layer normalization then yields the final group-aware
embedding,

z̃i = LayerNorm
(
z̄i + fMHA(z̄i,Zgroup(i), ϕi,·)

)
∈ R128. (4.11)

where Zgroup(i) denotes the set of per-lane embeddings for all lanes in the group
containing lane i, and ϕi,· collects the relative features between lane i and every
group member. Padded slots produced during batched group packing are masked
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out of both the attention scores and the output, so they exert no influence on the
attended representation.

4.4.3 Multi-Task Learning

The encoder is trained under a multi-task regimen in which several heads supervise
distinct facets of the learned representation. Rather than acting as isolated task-
specific outputs, these heads shape the shared embedding space toward structural
consistency, semantic interpretability, and temporal sensitivity.

Contrastive Alignment

To enforce cross-camera structural alignment, the group-aware embedding z̃i is
mapped through projection head fproj before being ℓ2-normalized:

pi = fproj(z̃i), p̂i = pi

∥pi∥2
. (4.12)

fproj operates as a two-layer multi-layer perceptron mapping R128 → R64. The
trailing BatchNorm decorrelates batch statistics before ℓ2 normalization, which lets
cosine similarity reduce cleanly to the dot product p̂⊤

i p̂j .
The normalized projection p̂i is then optimized with the standard InfoNCE

objective (Oord et al. (2018)), following the contrastive representation learning
paradigm (??), with positive pairs mined structurally across cameras rather than
through input augmentation. This pulls structurally similar lanes from distinct
cameras together in the embedding space while pushing apart pairs that disagree
in role. Following standard representation learning practice, this projection head
is discarded at inference, so downstream tasks operate directly on the encoder
embeddings.

Role Supervision

A purely contrastive objective leaves the embedding free to ignore structurally
meaningful attributes, an outcome typically called representation collapse, where the
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encoder finds a shortcut that minimizes the contrastive loss without preserving
useful geometry. Three auxiliary heads provide direct supervision against this
failure mode. They attach to the pre-attention per-lane embedding z̄i rather than
to the post-attention z̃i, so the supervision targets a per-lane signal that is not yet
contaminated by within-group mixing:

• Lateral rank head frank : R128 → R, a two-layer MLP through a 32-dim hidden
layer, predicts the lane’s normalized lateral position within the lane group.

• Edge flag head fedge : R128 → R2, a single linear projection, outputs logits for
the leftmost and rightmost flags.

• Group size head fsize : R128 → R, a linear projection, estimates the group’s
normalized lane count.

All three heads emit raw logits and are trained with BCE-with-logits against
bounded [0, 1] targets, which provides stronger gradients at extremes than MSE on
a sigmoid-squashed prediction would.

The combined role loss is

Lrole = Lrank + Ledge + 0.5Lsize. (4.13)

When cross-lane attention is active, an additional group-rank consistency term
enforces that, within each group, the predicted ranks form a monotonic and roughly
uniformly spaced sequence:

Lgroup = 1
G

G∑
g=1

∥∥∥sort
(
σ(r̂g)

)
− linspace(0, 1, ng)

∥∥∥2

2
, (4.14)

where r̂g collects the predicted rank logits for the ng lanes in group g and σ is the
sigmoid function.
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Joint Training Objective

In the contrastive stage, the encoder loss combines the InfoNCE term with the role
losses under a three-phase epoch schedule:

LE(e) = wctr(e)Lctr + wrole(e)Lrole. (4.15)

The schedule (with e/E the training fraction) is

(wctr, wrole)(e) =


(0.3, 2.0) e/E < 0.3 (role-dominant warm-up)

(1.0, 1.0) 0.3 ≤ e/E < 0.7 (balanced)

(2.0, 0.5) e/E ≥ 0.7 (contrastive fine-tune).

(4.16)

The schedule prevents the contrastive and role objectives from colliding early in
training: role supervision establishes an interpretable per-lane signal first, con-
trastive alignment then pulls cross-camera matches together, and a final contrastive-
heavy phase sharpens retrieval quality.

The temporal branch learns from synthetic anomaly injection. A fraction of valid
training windows are corrupted by simulated speed reductions, trajectory drop-
outs, or lateral deviations. The anomaly head is supervised by a validity-weighted
binary cross-entropy loss,

Ltemp =
∑

i,w vi,w BCE
(
ai,w, yi,w

)
∑

i,w vi,w

, (4.17)

where vi,w ∈ {0, 1} is the window validity indicator and yi,w ∈ {0, 1} is the ground-
truth anomaly label, so padded windows contribute neither numerator nor denom-
inator, and the loss remains comparable across batches with different valid-window
counts.

Under the joint training configuration, the encoder remains trainable through
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both streams, and the total loss is

L = αLtemp + β LE, (4.18)

where α, β control the relative influence of the temporal and structural objective.
Empirically, this joint formulation is what makes the encoder useful for both spatial
retrieval and downstream temporal reasoning rather than excelling at one at the
expense of the other (Sec. 4.6.2).

4.4.4 Geometry Dropout for Zero-Shot Transfer

Cross-camera generalization is a defining requirement for GeoLaneRep. A lane
observed by a previously unseen camera may lack reliable geometric annotation,
yet it must still be matched against a reference lane bank. To prevent the encoder
from overfitting to static structural geometry, we apply geometry dropout during
training.

With probability pdrop, the geometry-stream embedding f g
i is zeroed out. This

forces the network to derive lane semantics from the trajectory and descriptor
streams alone. To preserve expected activation magnitudes, non-dropped embed-
dings are rescaled by 1/(1− pdrop), the standard inverted-dropout correction. At
inference, geometry can be leveraged for established reference lanes that carry
annotations while safely omitted for new query lanes. This technique enables
trajectory-driven zero-shot retrieval without retraining.

4.5 Downstream Tasks
Following the training phase, the GeoLaneRep encoder facilitates three downstream
tasks. These operate directly on the learned embeddings rather than on raw ge-
ometry or trajectories. This section details three primary applications: zero-shot
cross-camera lane matching, temporal anomaly detection, and behavior-conditioned
geometry generation. All three reuse the encoder weights from the contrastive/joint
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Figure 4.3: Downstream tasks built on the GeoLaneRep encoder. (a) Zero-shot cross-
camera lane matching. (b) Temporal anomaly detection. (c) Behavior-conditioned
geometry generation.

training described in Sec. 4.4.3. Only the generation task adds a separately trained
head.

4.5.1 Zero-Shot Cross-Camera Lane Matching

Given a query lane from a previously unseen camera, the matching task retrieves
the most similar lane from a reference bank constructed over the training cameras.
Both query and reference lanes are encoded with the trained encoder, and the
match is the reference whose embedding has the highest cosine similarity to the
query:

match(q) = arg max
r∈R

z̄⊤
q z̄r

∥z̄q∥ ∥z̄r∥
. (4.19)

This setup tests whether the encoder captures viewpoint-invariant structural
semantics rather than scene-specific shortcuts. In deployment, reference lanes are
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typically encoded with all modalities available, while a query lane may be encoded
under restricted conditions – most importantly, with the geometry stream dropped
(Sec. 4.4.4) when the new camera has no attention. The matched reference’s struc-
tural attributes (lateral rank, edge flags, group size) transfer to the query lane,
providing the operational labels needed by the rest of the pipeline.

4.5.2 Temporal Anomaly Detection

To facilitate continuous temporal reasoning, the framework processes each lane as
a sequence of per-window embeddings:

Zi = [zi,1, zi,2, . . . , zi,Wi
]. (4.20)

and feeds the sequence through GRU to obtain a hidden state at each window:

h
(w)
i = GRU

(
zi,w, h

(w−1)
i

)
. (4.21)

A small MLP anomaly head maps each hidden state to a scalar logit ai,w ∈ R,
supervised at training time by the validity-weighted BCE loss Ltemp defined in
Eq. 4.17 against synthetically injected anomalies.

At inference, the logits are passed through a sigmoid to obtain per-window
anomaly probabilities, and a threshold (chosen by Youden’s J on the validation
split) converts them to binary anomaly flags. Because the GRU consumes the full
per-window sequence, the decision at window w has access to the lane’s preceding
behavioral context rather than only its current trajectory snapshot.

4.5.3 Behavior-Conditioned Geometry Generation

To connect the learned representation to digital twin interventions, the framework
incorporates a behavior-conditioned geometry generator. Given a target embedding
z⋆ ∈ R128 that specifies a desired operational profile, supplied by the user or
retrieved from a reference lane with the desired role, the generator synthesizes a
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candidate centerline ĝ whose behavioral semantics, when re-encoded, are close to
z⋆.

The module is a denoising diffusion probabilistic model (DDPM) (Ho et al.
(2020)) with a linear β schedule of length Tdiff . Rather than initializing from pure
Gaussian noise, the generative process applies a warm-start forward diffusion
from a canonicalized anchor geometry ganchor flattened into ws = vec(ganchor) ∈ R32

(K = 16 waypoints × 2 coordinates) by running the forward diffusion only up to
an intermediate step t0:

xt0 =
√

ᾱt0 ws +
√

1− ᾱt0 ϵ, ϵ ∼ N (0, I), (4.22)

where ᾱt = ∏t
s=1(1− βs).

The reverse denoising process is conditioned on the target embedding z⋆ via
Feature-wise Linear Modulation (FiLM) (Perez et al. (2018)). At each denoiser
layer l, two linear projections of the conditioning vector produce a scale and shift,

γl = fscale(z⋆), (4.23)

βl = fshift(z⋆), (4.24)

which modulate the layer’s hidden state after a linear transform and LayerNorm:

hl = GELU
(

LayerNorm
(
fhidden(hl−1)

)
· (1 + γl) + βl

)
. (4.25)

The denoiser also consumes a sinusoidal timestep embedding concatenated
with the noisy geometry; from this it predicts the noise to remove at the current
step.

Iterating the FiLM-conditioned denoiser from t0 down to 0 yields a candidate
geometry ĝ that has been continuously nudged toward the target embedding’s
behavioral semantics. The module produces an ensemble of candidates per specifi-
cation, which are scored and ranked by re-encoding ĝ and measuring its similarity
to z⋆ in the encoder space.
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4.6 Experiments and Results
This section evaluates the GeoLaneRep framework across both encoder perfor-
mance and downstream task execution. The evaluation encompasses lane-centered
dataset construction, controlled preprocessing, and a series of targeted experiments.
These experiments are explicitly designed to test representation quality, temporal
consistency, and generation utility.

4.6.1 Experiment Setup

Figure 4.4: (Left) Tracklets extraction for each lane group depicted by transparent
boundaries. (Right) Tracklets assignments to each annotated lanelet. Within a lane
group, each color marks a distinct lane.

The dataset is engineered to expose variations in lane geometry, traffic behavior,
and cross-site operating conditions. It aggregates feeds from 16 roadside cameras
served by 511 Wisconsin, covering 132 lanes organized into 38 lane groups and
a total of 104,415 vehicle trajectories. The structural composition reflects diverse
operational functionalities: 38 leftmost (28.8%), 38 rightmost (28.8%), and 38
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interior (28.8%) lanes, with the remaining 18 lanes (13.6%) functioning as merges.
All 16 cameras contribute to both training and cross-camera evaluation.

To prepare the raw video feeds, the framework uses a deterministic preprocess-
ing pipeline. Raw vehicle kinematics are first extracted using YOLOv11n (Khanam
and Hussain (2024)) with a confidence threshold of≥ 0.25, coupled with persistent
tracking. Tracklets surviving a 5-frame minimum are spatially normalized to a
[0, 1] coordinate space. As illustrated in Fig. 4.4, these dynamic tracklets are then
assigned to manually annotated static lane boundaries. Assignment computes the
mean point-to-polyline distance between each tracklet and every candidate lane,
binds the tracklet to the nearest lane within a 60-pixel threshold, and discards tracks
that fail the threshold as out-of-bound tracking errors.

Crucially, this pipeline converts raw kinematic data into a structured lane-level
representation. Rather than treating each vehicle in isolation, inputs are aggre-
gated so that every sample describes holistic lane behavior, including temporal
fluctuations and the lane’s operational role (leftmost, rightmost, interior, or merge).
Each lane sample is summarized by four aggregate trajectory statistics: mean speed,
mean curvature, mean lateral offset from the lane centerline, and a normalized
trajectory count used as a density proxy, computed over the tracklets assigned to
that lane.

All static geometries and dynamic trajectories are arc-length resampled to K =
16 points via linear interpolation. To enable contrastive learning, positive pairs are
strictly mined across different cameras. A candidate pair is accepted only when the
two lanes satisfy three structural alignment criteria: lateral rank difference (|∆| <
0.15), identical edge-type flags (leftmost/rightmost), and role cosine similarity
(≥ 0.8). The final collated batches supply the encoder with standardized tensors:
static geometry (B, K, 2), dynamic trajectories (B, Tmax, K, 2) with a boolean validity
mask (B, Tmax) that prevents zero-padded slots from biasing the mean-pooled
trajectory embedding, and the 9-dim fused stats vector (B, 9) concatenating four
trajectory statistics with the five-dim structural role descriptor.
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4.6.2 Leave-One-Camera-Out Cross-Camera Evaluation

Cross-camera generalization is evaluated using a leave-one-camera-out (LOCO)
protocol. For any given camera c, all lanes from the remaining cameras C \ {c} are
encoded to form a reference bank. Lanes from the held-out camera then serve as
queries, each matched to its nearest reference by cosine similarity in the learned
embedding space. This procedure is repeated with every camera held out in turn.
This configuration tests whether the representation captures lane identity in a
manner that transfers across unseen viewpoints and novel roadway layouts.

The evaluation reports four complementary metrics. Mean cosine similarity
measures overall nearest-neighbor affinity. However, this metric alone can be
misleading, because a representation that collapses every lane into a narrow region
of feature space will also produce uniformly high similarities. Greater analytical
weight is therefore placed on lateral rank difference, |rq − rref |, which verifies that
the matched reference shares the query’s relative lateral position rather than an
arbitrary nearby embedding. This evaluation also tracks edge F1, which checks
preservation of leftmost and rightmost boundary roles, alongside anomaly accuracy,
measured on the same LOCO splits for methods that expose a temporal detection
module.

Comparison Across Models

Table 4.1 benchmarks the proposed methodology against representative non-learning
baselines, supervised references, and anomaly-detection alternatives. The com-
pared models operate as follows:

• traj-stats uses a minimal set of aggregate trajectory statistics per lane and
performs nearest-neighbor matching without learned embeddings.

• stats-oracle serves as the matching upper bound. It reads ground-truth
lane-role annotations directly as input, so its high matching scores are not
achievable at deployment time. It has no temporal module, hence no anomaly
result.
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Table 4.1: Comparison across cross-camera matching and anomaly detection base-
lines under the LOCO protocol. Lower lateral-rank difference is better; higher
edge-role F1 and anomaly accuracy are better. "—" denotes metrics not applicable
to a given method. The Is Generalize column summarizes whether the method is
designed to transfer to unseen cameras at test time: yes for methods trained without
per-site labels, no for supervised or oracle baselines, partial for traj-stats, which
uses no learned representation but requires the target site’s own trajectories at
query time.

Method Supervision Match sim. ↑ Lat. diff ↓ Edge F1 ↑ Anomaly ↑ Is Generalize
traj-stats none 0.991 0.398 0.356 0.875 partial
stats-oracle (GT) role labels required 0.990 0.018 1.000 — no
per-camera-sup per-camera labels — 0.227 / 0.476 0.481 / 0.182 — no
SVM (One-Class) none — — — 0.776 yes
LSTM (traj-stats) none — — — 0.823 yes
GeoLaneRep (Ours)
two-stage (frozen) none — — — 0.821 yes
geometry-only none 1.000 0.448 0.262 — yes
trajectory-only none 0.996 0.387 0.358 — yes
contrastive none 0.932 0.013 0.994 — yes
joint none 0.962 0.004 1.000 0.979 yes

• per-camera-sup trains supervised lane-role predictors independently for each
camera. Reporting both the within-camera validation and the held-out-camera
test scores isolates whether camera-specific supervision transfers to unseen
views.

• contrastive uses the static encoder trained purely for cross-camera alignment,
with no temporal modeling.

• two-stage (frozen) establishes cross-camera alignment first, freezes the en-
coder weights, and subsequently trains a GRU-based anomaly detector on
those fixed embeddings.

• One-Class SVM and LSTM (traj-stats) are anomaly-focused baselines. They
indicate whether joint representation learning is required for temporal detec-
tion.

• geometry-only and trajectory-only are ablated architecture variants that
isolate static shape cues and dynamic motion cues, respectively.
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• joint constitutes the full proposed model. The encoder and temporal anomaly
module are optimized simultaneously end-to-end.

The core finding is that high raw matching similarity does not imply meaningful
cross-camera correspondence. The geometry-only, trajectory-only, and traj-stats
baselines all yield extremely high nearest-neighbor similarity scores (0.991–1.000),
yet their lateral-rank errors remain large (0.387–0.448), and their edge-role F1 scores
remain low (0.262–0.358). The three representations evidently place lanes into
narrow clusters that admit high cosine similarity to the nearest neighbor without
preserving the lane’s functional role.

Applying the contrastive encoder sharpens cross-camera discriminability: lateral-
rank error drops to 0.013 and edge F1 rises to 0.994, at the cost of a slightly lower raw
similarity (0.932). The full joint model refines this further, reaching a lateral-rank
error of 0.004 and an edge F1 of 1.000, while simultaneously securing the highest
anomaly detection accuracy (0.979).

These results lead to two conclusions. First, cross-camera lane correspondence
requires the combination of geometric structure, trajectory observation, and con-
trastive alignment. No single modality alone is sufficient. Second, joint temporal-
and contrastive training strengthens the embedding for both spatial retrieval and
downstream temporal reasoning, rather than sacrificing one for the other.

Training Behavior: Joint vs. Two-Stage Optimization

Analyzing the training strategies exposes a clear gap between end-to-end joint
optimization and the two-stage approach. Figure 4.5 (Left) shows the frozen-
encoder variant plateauing near 81% anomaly accuracy by epoch ∼ 25 and making
negligible further progress over the remaining epochs of that run. The joint model
crosses the same 80% threshold at epoch ∼ 25 and continues improving, stabilizing
around 97% by epoch ∼ 75. This sustained divergence indicates that anomaly
detection capability cannot be merely “bolted on” to a fixed representation. The
encoder itself must adapt to the temporal objective.
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Figure 4.5: Training behavior of the proposed model. Left: anomaly detection
accuracy for two-stage training with a frozen encoder versus end-to-end joint
training. Joint optimization continues improving well beyond the plateau reached
by the frozen-encoder variant. Right: contrastive quality during joint training,
showing rapid convergence of positive-pair similarity and stable separation from
negative pairs.

Figure 4.5 (Right) confirms that the contrastive structure remains intact during
joint training. Mean positive-pair similarity rises from ∼ 0.10 to ∼ 0.72 within the
initial 25 epochs. Simultaneously, mean negative-pair similarity drops to ∼ −0.20
over the same interval. Both curves remain stable across the full 200-epoch run,
with variance at the scale of mini-batch noise rather than systematic drift. End-
to-end optimization, therefore, heightens temporal sensitivity without triggering
representation collapse (positives and negatives remaining well-separated) or
eroding cross-camera alignment.

4.6.3 Representation Quality

Lateral Rank Prediction

The encoder produces an embedding space in which cross-camera nearest-neighbor
retrieval preserves lateral position: for each of the 132 lanes, the embedding-nearest
lane drawn from a different camera shares the query’s ground truth lateral rank
with mean absolute error 0.010 (Fig. 4.6). Matches align with the diagonal across
the full 0→1 rank spectrum. This confirms the encoder captures the relative lateral
ordering of lanes independent of the raw camera viewpoint under which a lane
was observed.
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Figure 4.6: Cross-
camera lateral rank
alignment across
132 lanes from 16
cameras. Each point
plots a query lane’s
ground-truth lateral
rank against the
ground-truth rank of
its embedding-nearest
neighbor retrieved
from a different cam-
era.

Figure 4.7: Embedding similarity structure. Left: cosine
similarity of projection pairs grouped into four categories.
Right: per-lane cosine similarity matrix, organized by
camera and group.

Embedding Space Structure

Probing the learned embedding space reveals a distinct geometry driven by the
contrastive training objective (Fig. 4.7). Lanes sharing identical lateral ranks across
disparate cameras generate a median cosine similarity of +0.72 (n = 1,878 pairs).
This reflects strong cross-scene generalization at the semantic level. Conversely,
sibling lanes situated within the exact same physical group, which share spatial
proximity but execute different roles, are pushed apart to a median similarity of
−0.23 (n = 193), essentially matching the cross-camera diff-rank baseline. The
embedding, therefore, does not use camera or group co-occurrence as a similarity
shortcut; rank identity dominates. Different groups within the same camera sit
at an intermediate −0.12 (n = 330), indicating only a small residual camera bias.
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The per-camera similarity matrix (right panel) corroborates this structure; block-
diagonal intensity captures within-camera within-group identity, while sparse
off-diagonal bright cells mark the cross-camera same-rank matches that drive the
+0.72 distribution.

4.6.4 Temporal Consistency and Anomaly Sensitivity

This evaluation isolates whether the learned embedding maintains temporal stabil-
ity under normal operation while reacting dynamically to operational disruptions.
The embedding is assessed as an anomaly signal across three dimensions: abso-
lute detection accuracy, robustness to temporal aggregation scale, and structural
localization.

Figure 4.8: Overall anomaly detection performance on 5-minute detection window.
Left: ROC curve with AUROC = 0.991 and operating points for the default and
optimal thresholds. Right: confusion matrix at the optimal threshold (t = 0.67).

Overall Detection Performance

The embedding-based anomaly detector displays strong discriminative perfor-
mance. Operating at a 5-minute window, the receiver operating characteristic
yields an AUROC of 0.991 (Fig. 4.8). Utilizing an optimal threshold of t = 0.67, the
detector achieves 92.2% precision, 93.9% recall, and a 93.0% F1 score across 1,376
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evaluation windows. It triggers only 30 false positives and misses a mere 23 events.
These margins show that embedding deviations provide a reliable mathematical
signal for isolating anomalous behavior from standard traffic flow.

Figure 4.9: Anomaly detection perfor-
mance across operational window sizes.

Figure 4.10: Anomaly score timelines
across four representative lane roles.
Each panel plots the detector’s pre-
dicted anomaly probability on the clean
window sequence (blue) and on the
same sequence with injected corrup-
tions (red). Red shaded bands mark
windows where a synthetic anomaly
was injected into the trajectory input.

Effect of Operational Window Size

Detection fidelity intrinsically depends on the volume of temporal context available.
However, performance stabilizes rapidly (Fig. 4.9). At a severe 1-minute restriction,
precision drops to 0.36, and the F1 score falls to 0.51, while recall remains high at 0.93.
The detector still catches most injected anomalies, but the per-window trajectory
statistics are averaged over too few samples to separate corrupted windows from
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noisy clean ones, driving false positives up. This lack of history prevents the
formation of a stable lane-level baseline. Expanding to a 2-minute window triggers a
substantial recovery (F1 ≈ 0.82). The detector finds its optimal operational balance
at the 5-minute mark (F1 ≈ 0.90, precision ≈ 0.88, recall ≈ 0.93). Performance
remains consistent through 10- and 15-minute intervals. Consequently, a 2-to-5-
minute contextual horizon provides maximum anomaly resolution while remaining
highly practical for near-real-time digital twin monitoring.

Temporal Localization Across Lane Roles

Figure 4.10 maps anomaly score trajectories across standard leftmost, rightmost,
middle, and complex merge lanes. Each panel overlays the predicted probability
on the clean sequence (blue baseline) against the corrupted sequence (red), with
shaded bands marking the injected windows. Under nominal conditions, these
scores stay near zero. This proves the embedding holds temporal stability during
standard operations. Upon anomaly injection, the scores spike sharply above the
0.5 threshold inside the injected windows, with magnitude varying by anomaly
type. They return cleanly to baseline the moment the event concludes. Crucially,
this reactive behavior is uniform across all structural lane roles. The anomaly signal
is not biased toward a specific lane archetype.

4.6.5 Behavior-Conditioned Geometry Generation

The final experiment evaluates whether the learned representation can physically
guide the generation of new lane geometries that adhere to targeted semantic
specifications. The generator receives a target specification and a spatial anchor
and outputs candidate centerlines, which are re-encoded and scored for semantic
compliance.

Spec-Conditioned and Relational Generation

Figure 4.11 showcases generation performance at the US12_Yahara site. The mod-
ule produces plausible centerlines for rightmost, leftmost, and merge roles when
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Figure 4.11: Qualitative examples of behavior-conditioned lane generation at US12_-
Yahara (group 0), comparing independent and relational conditioning for right-
most, leftmost, and merge lane generation.

conditioned on lateral role and anchor alone. For standard (edge) lanes, both
independent and relational variants yield geometries that visually align with the
real lane structure, with rightmost and leftmost candidates exhibiting the lowest
semantic reconstruction errors. This confirms the generated lines remain faithful to
the target embedding.

Relational conditioning explicitly exposes the generator to the neighboring-lane
context. This constrains the output toward locally consistent spacing. The generated
geometries track the surrounding lane bundle rather than drifting independently,
as is visible in the no-neighbor variant.



90

Generation Quality Across Sites

Table 4.2: Quantitative evaluation of behavior-conditioned lane generation (38 lane
groups, 570 candidates, 5 candidates per spec per group). FGD and curvature
smoothness are reported in both raw and filtered forms; the filtered forms exclude
candidates flagged by the curvature-outlier criterion.

Category Metric Value
Specification Accuracy Rightmost Lane 98.4%

Leftmost Lane 99.5%
Merge Lane 65.8%
Overall Accuracy 87.9%

Per-spec Chamfer Rightmost 0.039
Leftmost 0.040
Merge 0.052

Geometric & Spatial Candidate Diversity (Mean L2) 0.1737
Spatial Coherence 0.1003
Chamfer Distance (overall) 0.0450
Fréchet Geometry Distance (raw / filt.) 0.0179/0.0254
Curvature Smoothness (raw / filt.) 2.727/0.0220
Smoothness Outliers 7.0% (38/570)

Quantitative evaluation across 38 camera groups and 570 generated candidates
(Table 4.2) supports these observations. The generator attains 99.5% lateral specifi-
cation accuracy for leftmost lanes and 98.4% for rightmost lanes, with an overall
accuracy of 87.9%. Merge lanes account for most of the residual error (65.8% ac-
curacy), examining where merge-specified candidates actually land shows that
failures do not scatter randomly but bifurcate into leftmost or rightmost geometries,
suggesting that the model has learned “merge” as a region of interpolation between
the two edge-lane modes rather than as a distinct topological class. Per-spec Cham-
fer distances tell the same story: merge candidates sit at 0.052, roughly 30% higher
than the 0.039–0.040 seen on rightmost/leftmost, so the gap is not only categorical
but also geometric.
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Aggregate geometric fidelity is strong. A mean Chamfer distance of 0.0450
indicates close pointwise alignment with the real roadway geometry. Fréchet Ge-
ometry Distance (FGD) is 0.0179 on the full candidate set and 0.0254 after excluding
candidates flagged as curvature outliers; in both regimes, the distributional shape
of the generated lanes closely matches the reference. The generator avoids repre-
sentation collapse: mean pairwise L2 distance is 0.1737, so the system produces
a diverse ensemble of candidates rather than repeating a single solution. Finally,
the curvature-smoothness analysis flags 7.0% (38 / 570) of candidates as rough
outliers – high variance in heading-change angles along the polyline – leaving 93%
whose curvature profiles fall within the smooth range defined by the threshold.

4.7 Conclusions
This research introduces GeoLaneRep, a behavior-grounded representation frame-
work that maps static lane geometry, observed vehicle trajectories, and operational
descriptors into a single shared embedding. Trained jointly with contrastive cross-
camera alignment, auxiliary role supervision, and temporal anomaly detection, the
encoder achieves a 0.004 lateral-rank error and an edge-role F1 of 1.000 under a
leave-one-camera-out protocol, and an AUROC of 0.991 on per-window anomaly
detection. Consequently, it produces a highly transferable embedding that gen-
eralizes seamlessly across heterogeneous camera deployments. Furthermore, a
FiLM-conditioned diffusion module uses these embeddings to synthesize candidate
lane geometries that satisfy targeted operational specifications at 87.9% overall accu-
racy. The same encoder weights drive all three tasks, supporting the central claim
that a single behavior-aware representation can serve heterogeneous lane-level
digital-twin applications.

The evaluation also surfaces an asymmetry between representation and gen-
eration quality. The encoder produces a stable, highly discriminative embedding
space, but the generated lane geometry trails this fidelity, particularly for merge
specifications (65.8% accuracy versus 98–99% for edge lanes). This gap likely re-
flects compounded upstream uncertainty rather than a generator-side defect alone:
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imperfect trajectory extraction, occlusion, lane-marking ambiguity, and limited
coverage of rare lane types each weaken the geometric supervision the diffusion
module receives. A second limitation is that the generation scheme operates lane-
wise. It produces one plausible lane at a time, conditioned on a target embedding,
and does not yet model the mutual dependence among neighboring lanes that real
roadway geometry imposes. Third, the framework prioritizes semantic consistency
over engineering-grade geometric fidelity — a deliberate trade that allows training
on noisy roadside observations without curated HD-map labels, but one that limits
direct deployability for tasks that need vertical alignment, curvature continuity,
or precise lane-boundary reconstruction. Finally, anomaly detection performance
degrades sharply at the shortest evaluated window (precision drops to 0.36 at
60-second windows), reflecting variance in per-window trajectory statistics when
only a handful of tracklets are available.

Each of these limitations points to a concrete extension. Closing the representation–
generation gap calls for richer geometric supervision: multi-view reconstruction,
depth estimation, LiDAR fusion, or BIM-derived lane references would give the
diffusion module a cleaner target without disturbing the behavioral embedding.
Moving from lane-wise to corridor-level synthesis would require coupled multi-
lane generation under topological and geometric constraints. For example, graph-
structured decoders over lane groups, or relational denoisers conditioned on the
neighboring-lane embeddings already produced by the cross-lane attention module.
A third direction is interfacing the embedding with connected-vehicle infrastruc-
ture: V2X MAP messages provide a machine-readable lane topology that could
either supervise the representation or, conversely, be inferred or repaired by it when
annotations are incomplete. Together, these extensions would carry GeoLaneRep
beyond lane-level interpretation toward the coordinated, geometrically faithful
interventions that constructive digital twins ultimately require.

Therefore, GeoLaneRep establishes the semantic interface required for next-
generation Advanced Traffic Management Systems (ATMS). It directly bridges the
physical perception capabilities developed in Chapter 2 with the codified reasoning
schemas established in Chapter 3. This chapter completes the central architectural



93

layer of the dissertation. It provides the mechanism for an interactive digital twin
ecosystem to actively observe, interpret, and reshape traffic infrastructure in a
human-centered and operationally grounded manner. The final chapter synthesizes
these overarching contributions and outlines the roadmap for automated, human-
in-the-loop traffic management.
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5 use case implications of constructive and
interactive digital twins

Final chapter synthesizes the dissertation contributions and discusses their im-
plications for automated, human-in-the-loop traffic management. The preceding
chapters established the three core layers required for an interoperable digital twin.
Chapter 2 provided a perception layer by reconstructing lane-level infrastructure
geometry from observed traffic trajectories. Chapter 3 provided a knowledge layer
by exposing transportation standards through an executable and validated seman-
tic framework. Chapter 4 introduced a lane representation that bridges geometry,
traffic behavior, and operational implications.

This chapter brings these components together through an explicit application
context as GeoLane-Twin. The goal is not to introduce a completely separate
model, but to demonstrate how the dissertation contributions can be integrated
into a constructive and interactive digital twin workflow for traffic management.
The chapter proceeds in three sections. First, it introduces GeoLane-Twin as a
lane-centric use case that synthesizes the constructive and interactive perspec-
tives developed throughout the dissertation. Second, it evaluates the integrated
framework through a closed-loop digital twin experiment based on generation,
simulation, and re-encoding. Third, it presents a Rust-based prototype system that
exposes this workflow through a user-facing interface.

5.1 GeoLane-Twin Architecture
A representative use case of the proposed framework is the GeoLane-Twin, a lane-
centric digital twin in which each lane is represented not only as a geometric object,
but as an operational unit associated with interpretable semantic attributes. As
illustrated in Fig. 5.2(a), the GeoLane-Twin has basic traffic monitoring features
on the corridor levels. In Fig. 5.2(b), the roadside observation is made on one
camera, where vehicle detections and trajectories are extracted from live traffic
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Figure 5.1: Conceptual overview of GeoLane-Twin as a lane-centric digital twin for
traffic management.

scenes. These observations are then synchronized into a virtual environment, as
shown in Fig. 5.2(c), so that the twin can maintain an updated representation of
roadway structure and ongoing traffic conditions.

Figure 5.2(d) illustrates the role of the lane embedding within this process.
The embedding serves as an intermediate semantic state between observation and
intervention. By combining lane geometry, motion patterns, and interpretable
descriptors into a unified representation, this approach provides a basis for compar-
ison, retrieval, anomaly detection, and generation, while remaining grounded in
observed traffic operations. GeoLane-Twin extends passive synchronization of digi-
tal twin toward constructive reasoning in which lane-level roles can be interpreted,
evaluated, and systematically modified within a closed-loop traffic management
framework.

This use case also clarifies the dissertation-level distinction between constructive
and interactive digital twins. The constructive dimension concerns the system’s
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(a) Traffic monitoring on corridor (b) Trajectory monitoring with object
detection, tracking, and lane detection

(c) Descriptive digital-twin synchro-
nization

(d) Constructive and interactive digital
twin interface

Figure 5.2: Constructive and interactive digital twins capabilities on top of the basic
traffic management system features.

ability to build, update, and modify lane-level infrastructure representations from
sensed traffic data. The interactive aspect lies in the presentation of these repre-
sentations in a form that supports human interpretation, semantic validation, and
user-facing intervention workflows. GeoLane-Twin may therefore be understood
not simply as a demonstration environment, but as a synthesis of the constructive
and interactive principles developed throughout this dissertation.
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5.2 Digital Twin Integration and Closed-Loop
Evaluation

The final component of the framework connects the learned lane representation
to digital twin-based evaluation. Once a candidate lane geometry ĝ is generated,
it is inserted into a microscopic simulation environment, where traffic behavior
is simulated under the modified configuration. The resulting lane-linked traffic
observations are then reprocessed and re-encoded into the same latent space.

This closed-loop procedure enables semantic consistency checking. If the gener-
ated lane faithfully reflects the intended operational role, the re-encoded embedding
z̄′

i should remain highly similar to the target embedding z∗. If not, the discrepancy
suggests that the generated geometry failed to preserve the intended behavioral
meaning under simulated traffic demand. The re-encoding step, therefore, provides
an evaluation criterion based not only on geometric similarity, but also on whether
the lane behaves as intended after simulation.

5.2.1 Objective and Experimental Setup

The objective of the experiment is to examine whether behavior-conditioned lane
generation preserves semantic lane-role identity through a closed-loop digital twin
pipeline. The study uses eight camera locations along the US-12 and I-43 corridors
in Wisconsin, covering 132 annotated lanes across four role classes: rightmost, left-
most, merge, and through. The pipeline combines a pre-trained lane encoder from
Chapter 4, the corresponding diffusion-based lane generator, CrossTraffic with an
HCM-based semantic firewall, and SUMO microscopic simulation.

Three intervention types are considered:

1. Lane Shift: shoulder conversion with a rightmost-role target,

2. Left Lane: HOV or passing-lane insertion with a leftmost-role target,

3. Merge Adjust: acceleration-lane modification with a merge-role target,
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Figure 5.3: Process of re-encoding experiment.

Applying these three interventions across the eight camera locations yields 32
total test cases. For each case, the following protocol is applied as shown in Fig. 5.3.
First, the observed real-world lane is encoded into a target semantic embedding.
Second, the intervention parameters are validated against engineering constraints
using CrossTraffic. Third, lane geometry is generated conditioned on the target
embedding. Fourth, the generated geometry is inserted into SUMO, and traffic is
simulated. Finally, the simulated lane observations are re-encoded and compared
against embeddings of real lanes with the corresponding role. Encode the observed
real-world lane into a target semantic embedding,

The primary evaluation metrics are as follows:

• In-class similarity: cosine similarity between the re-encoded intervention
and real lanes with the same role,

• Cross-role similarity: cosine similarity to lanes with different roles,

• Role gap: in-class minus cross-role similarity,

• Generation quality: geometric validity and coherence of the generated lane.

Table 5.1 summarizes the overall evaluation setup and the role of CrossTraffic
in constraining candidate interventions before simulation. All 44 proposed inter-
ventions pass CrossTraffic validation. The final semantic evaluation is reported on
the subset of cases that complete the full simulation and re-encoding loop.1
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Table 5.1: Closed-loop evaluation setup for GeoLane-Twin.

Item Value Description
Camera locations 8 US-12 and I-43 corridors
Annotated lanes 132 Four lane-role categories total
Lane roles 4 Rightmost, leftmost, merge, through
Intervention types 4 Lane shift, merge adjust, work zone, left lane
Total test cases 44 11 × 4 interventions
Lane encoder – Pre-trained GeoLaneRep encoder (Chapter 4)
Generator – Diffusion-based lane generator (Chapter 4)
Validator – CrossTraffic semantic firewall (HCM 7th)
Simulator – SUMO microsimulation
CrossTraffic validated 44/44 All cases passed engineering constraints
With SUMO network 8 All cameras had a SUMO network
Successfully simulated 32 Final successful closed-loop cases
Excluded 12 Three cameras with no SUMO edge match

5.2.2 Role-Aware Semantic Preservation

The main result is shown in Fig. 5.4. Across the 32 successful simulations, the
closed-loop pipeline achieves an overall in-class similarity of 0.899± 0.054, a cross-
role similarity of 0.057± 0.162, an average role gap of 0.758, and a mean generation
quality of 0.905. Taken together, these values indicate that the generated and re-
encoded lanes remain substantially closer to their intended role than to alternative
role classes after the full re-encoding loop.

Three intervention types show especially strong semantic preservation. Lane
shift achieves an in-class similarity of 0.915±0.021 and a role gap of 0.933. Left-lane
insertion achieves 0.905 ± 0.032 and a role gap of 0.893. Work-zone intervention
achieves 0.882±0.043 and a role gap of 0.923. In all three cases, cross-role similarity
remains near zero, and for lane shift and work zone, it becomes slightly negative.
Because cosine similarity ranges from −1 to +1, these negative values indicate that
the embeddings are not merely weakly related, but are separated slightly beyond
orthogonality in the latent space. It indicates that the encoder distinguishes posi-
tional lane roles strongly enough that rightmost-lane interventions become weakly

1The exact filtering details from 44 validated cases to 32 successful semantic evaluation cases
can be inserted here once the final accounting is fixed.
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Figure 5.4: Role-aware semantic evaluation of closed-loop interventions. In-class
similarity measures alignment with real lanes of the intended role, while cross-role
similarity measures overlap with non-target roles.

anti-correlated with non-target roles. This suggests that GeoLane-Twin generates
lane interventions whose simulated behavior remains semantically consistent with
the intended operational role after re-encoding.

5.2.3 Failure Analysis of Merge Lane

Merge-adjustment interventions are the main outlier. Although their in-class simi-
larity remains relatively high at 0.888± 0.103, their cross-role similarity increases to
0.272± 0.168, reducing the role gap to 0.283. This is substantially weaker than the
corresponding values observed for lane shift, left lane, and work zone interventions.

Figure 5.5 clarifies this pattern. The per-camera analysis shows that semantic
preservation for merge lanes varies considerably across sites. The main cause
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Figure 5.5: Failure analysis for merge-lane interventions. Merge cases show sub-
stantially greater cross-role overlap and higher variance than positional lane inter-
ventions.

(Right) is shown that positional interventions have cross-role similarity near zero,
whereas merge interventions exhibit substantial positive overlap with non-merge
lanes, especially through lanes.

This behavior is plausible from a traffic perspective. Merge lanes share many
local trajectory characteristics with adjacent through lanes over most of their length,
especially speed and heading, and become clearly distinct only near the convergence
region. Their identity is therefore more topological and context-dependent than
purely positional. This makes them more difficult both to generate and to recover
through re-encoding. The lower generation-quality score for merge adjustment
(0.809) reinforces this interpretation. Accordingly, the primary limitation of the
current GeoLane-Twin loop is reduced robustness for topologically ambiguous lane
roles.
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Figure 5.6: Ablation on behavioral conditioning. Comparing standard rightmost-
lane conditioning with work-zone conditioning shows that behavioral prefixes shift
the target embedding within the role cluster.

5.2.4 Effect of Behavioral Conditioning

To examine whether behavioral conditioning meaningfully influences generation,
the analysis compares a standard rightmost-lane intervention (lane shift) against
a behavior-conditioned rightmost intervention (work zone). The work-zone case
achieves a lower in-class similarity (0.880 versus 0.914), but slightly higher genera-
tion quality (0.955 versus 0.945).

At first glance, the reduction in in-class similarity may appear counterintuitive.
However, this behavior is consistent with the role of the behavioral prefix. The
work-zone embedding is not intended to match a generic rightmost lane. Instead,
it shifts the target toward a more specific region within the rightmost-role clus-
ter, corresponding to slower and more behaviorally constrained traffic conditions.
Since such specialized conditions are less common than standard rightmost-lane
examples, average similarity to the larger generic cluster becomes slightly lower.

At the same time, the improved generation quality suggests that the diffusion
model benefits from the more specific conditioning signal. The result is therefore
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Figure 5.7: Behavioral gap between observed and simulated trajectories. Differences
in speed, curvature, lateral offset, and trajectory count indicate that the current
simulation loop remains behaviorally simplified.

best interpreted as a semantic precision and coverage. Behavioral conditioning
makes the target more selective, which slightly lowers broad in-class similarity
while improving the specificity of the generated lane.

5.2.5 Simulation Domain Gap and Current Limitation

The simulation-domain-gap analysis in Fig. 5.7 should be treated as an explicit
limitation of the current system. The observed and simulated trajectory distribu-
tions differ substantially in mean speed, curvature, lateral offset, and trajectory
count. In other words, the SUMO demand used in the current loop does not yet
fully reproduce the role-specific traffic behavior observed in the field.

This limitation is important for interpretation. The results presented above
demonstrate that semantic lane-role identity can be preserved through a closed-
loop process of validation, generation, simulation, and re-encoding. They do not
yet demonstrate behaviorally calibrated traffic prediction under intervention. In
this sense, the present chapter provides evidence for the semantic consistency of
the digital-twin loop, rather than full operational realism of the traffic simulation.
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5.3 Prototype System: User-Facing GeoLane-Twin
Interface

Beyond the offline evaluation, I implemented a Rust-based prototype application
that exposes the GeoLane-Twin workflow through an operator-facing interface. This
prototype serves as a system instantiation of the dissertation architecture, showing
how the closed-loop pipeline can be surfaced as an interactive traffic-management
tool.

5.3.1 Current Scope

The current prototype supports four core functions. First, it loads and visualizes
roadway network structure derived from the digital-twin pipeline. Second, it allows
lane-level interventions to be staged through an interactive command interface.
Third, it previews the modified network in either a 2D or 3D simulation view.
Fourth, it displays basic traffic performance summaries, such as vehicle count,
speed, flow, density, waiting vehicles, and selected edge-level statistics.

Together, these functions provide a concrete interface for inspecting detected
infrastructure, proposing modifications, previewing their effect on the virtual
network, and monitoring the resulting traffic state.

5.3.2 Interface Design

The prototype is organized into three main panels:

1. Command terminal: a left-side interaction panel where the user enters lane-
editing commands, reviews system feedback, and stages pending modifica-
tions;

2. Simulation view: a central panel that displays the roadway network and
vehicles in either 2D or 3D, enabling before-and-after inspection of the twin;
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3. Performance panel: a right-side panel that summarizes traffic conditions
using aggregate metrics such as flow, density, speed, waiting vehicles, and
vehicle mix.

This layout reflects the intended role of the digital twin as both a constructive
and interactive system. The operator can modify the infrastructure representation
while simultaneously observing the evolving traffic state.

5.3.3 Supported Interventions

At its current stage, the interface supports several lane-level editing operations,
including lane addition, lane removal, lane widening, speed modification, lane
closure, lane reopening, and work-zone style annotations. These edits are staged
before application, allowing the user to inspect pending modifications and compare
the modified network against the original layout. The current implementation
therefore supports an intervention workflow based on propose, preview, and apply,
rather than immediate irreversible editing. The prototype also includes an early
natural-language interaction pathway that maps free-form input into structured
lane-editing commands.

5.3.4 Relationship to the Closed-Loop Framework

The prototype provides a system-level realization of the GeoLane-Twin loop devel-
oped in this dissertation. In the broader architecture, lane structure is first observed
from real-world data and encoded into a machine-readable semantic representation.
Candidate interventions are then checked against engineering constraints through
CrossTraffic, translated into modified lane geometry, and reflected within the vir-
tual network. The prototype exposes this logic through an interface that allows
users to inspect the current twin, stage lane modifications, visualize the updated
road structure, and monitor simulation outputs.
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5.3.5 Use Case

One representative use case is a lane-closure or work-zone scenario. A user first
loads a corridor segment into the interface and inspects the detected lane structure.
The user then stages a rightmost-lane closure or work-zone modification through
the command terminal. The updated geometry is previewed in the simulation
panel, and the performance panel displays how traffic indicators change after the
intervention is applied. This use case mirrors the logic of the closed-loop experi-
ments discussed earlier; lane semantics are not only encoded and analyzed, but also
used to guide infrastructure edits within an interactive digital-twin environment.

5.3.6 Current Limitations

The current prototype remains under active development and has several limitations.
First, it should be regarded as a research prototype rather than a production-ready
traffic management system. Second, the operational usefulness of the interface has
not yet been evaluated through a user study with practicing traffic engineers or
operators. Third, simulation realism remains constrained by the same behavioral
domain gap discussed earlier in this chapter, since the simulated demand does
not yet fully reproduce observed role-specific traffic patterns. Finally, parts of
the broader data-processing pipeline still depend on manual calibration and data
preparation.

Despite these limitations, the prototype demonstrates that the dissertation con-
tributions can be assembled into a unified, operator-facing digital-twin interface. It
therefore provides a concrete bridge from representation learning and standards-
aware validation toward next-generation advanced traffic management applications.

5.4 Discussion and Implications
The results of this chapter suggest that constructive and interactive digital twins can
be connected through a lane-centric semantic representation. On the constructive
side, the system can detect, encode, generate, and modify lane-level infrastructure
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under engineering constraints. On the interactive side, the same semantic repre-
sentation can be exposed through a user-facing interface that supports inspection,
intervention staging, and monitoring.

The closed-loop experiment provides evidence that this integration is semanti-
cally coherent. Generated interventions remain substantially closer to their intended
lane role than to competing roles after simulation and re-encoding, especially for
more clearly defined positional roles such as rightmost, leftmost, and work-zone
interventions. At the same time, the failure analysis identifies an important limita-
tion: roles with stronger topological ambiguity, such as merge lanes, remain more
difficult to preserve robustly.

Taken together, these findings suggest that semantic lane representations can
serve as a practical intermediate layer between roadway sensing and traffic-engineering
action. In addition to treating lanes as geometric primitives or as rule-defined ob-
jects, GeoLane-Twin shows how they can be represented as operational units that
support comparison, anomaly detection, generation, and guided intervention.

5.5 Future Directions
Several directions follow from this chapter.

First, the simulation component should be calibrated more carefully against
observed traffic behavior. The current behavioral gap indicates that semantic
preservation and operational realism should be treated as related but distinct
objectives. Future work should incorporate role-aware demand calibration so that
post-intervention traffic patterns more closely reflect field observations.

Second, merge-lane handling should be strengthened by incorporating richer
topological context. Because merge semantics depend heavily on downstream
connectivity and local convergence structure, future models should include more
explicit graph-level or connectivity-aware conditioning.

Third, the operator-facing prototype should be extended and evaluated through
human-subject studies or feedback from practitioners. Such studies would help
determine whether semantically guided lane suggestions and standards-aware
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validation improve traffic-engineering reasoning and intervention workflows in
practice.

Finally, GeoLane-Twin could be extended toward broader corridor-level or
network-level traffic management applications. The present dissertation focuses
on lane-level reasoning, but the same semantic interface may support more scal-
able digital twins that reason across interacting links, intersections, and control
strategies.

5.6 Chapter Summary
This chapter demonstrated how the dissertation contributions can be synthesized
into a constructive and interactive digital twin use case. GeoLane-Twin was intro-
duced as a lane-centric digital twin in which each lane is represented not only by
geometry, but also by behavioral and semantic meaning. A closed-loop experi-
ment showed that generated lane interventions generally preserve their intended
role after validation, simulation, and re-encoding, with the strongest performance
observed for positional roles and clear limitations in merge-lane scenarios. The
chapter also presented a Rust-based prototype interface that exposes this workflow
through lane visualization, intervention staging, modified-network preview, and
traffic monitoring. Taken together, these results show that the dissertation also
contributes a coherent path toward interoperable digital twins for next-generation
advanced traffic management systems.
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6 conclusion and future work

This dissertation centers on advancing the integration of roadway geometry com-
prehension into digital twin environments and their semantic representations for
Advanced Traffic Management Systems (ATMS). Toward the first objective, I pro-
posed a scalable digital twin synchronization framework, Geo-ORBIT, designed to
enable scalable and privacy-preserving roadway adaptation across a distributed
roadside deployment framework. The proposed approach implements lane-level
real-time roadway geometry perception and digital twin modeling. Specifically,
the primary advantages are that it provides (1) a capability of learning roadway
geometric features from heterogeneous camera perspectives and (2) strategies in
preserving privacy by adopting federated learning to TMS and applying the model
on unseen locations. I found that our model consistently reconstructs fine-grained
lane-level alignment. With learned parameters from weak-supervised training, our
model infers lane detection pipelines operating effectively in both seen and unseen
environments. It is also noteworthy that the whole detection pipeline preserves data
confidentiality by limiting shared data and significantly reducing data transmission
costs.

Building upon the scalable digital twin framework for TMS, I further investi-
gated the unification of TMS capabilities from the perspective of knowledge sharing
and transportation knowledge management, with a particular focus on codifying
the transportation manuals, such as the Highway Capacity Manual and American
Association of State Highway and Transportation Operations (AASHTO) Green
Book. To address this, I developed a framework CrossTraffic, an open, modular
platform designed to enhance computational procedures for consistent and trans-
ferable knowledge management. Central to this platform is the development of
a domain-specific ontology that structures explicit engineering rules into a com-
prehensive knowledge graph. The formal representation supports reproducibility,
interoperability, and collaborative advancement in transportation analysis. Extend-
ing the CrossTraffic framework, I introduced a semantic decision-support layer,
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powered by Large Language Models (LLMs) and Retrieval-Augmented Generation
(RAG). This layer enables natural language interaction with transportation manu-
als, facilitating intelligent retrieval of methodologies and dynamic orchestration
of analytical workflows. In addition, to apply codified knowledge to constrain the
digital twin’s behavior, an ontology-based semantic validator is used to interpret,
check, and connect applications to explicit engineering knowledge. Collectively,
these efforts contribute to the foundation of a responsive and consistent knowledge
management ecosystem, with early prototypes demonstrating the feasibility of
co-simulation and natural language-based interaction.

Leveraging these foundations of scalable perception and codified knowledge,
I finally introduce GeoLaneRep to achieve the primary objective of a construc-
tive and interactive digital twin. While conventional digital twins often remain
descriptive, observational replicas, GeoLaneRep encodes each lane as a functional,
behavior-grounded traffic unit. By jointly encapsulating structural geometry, dy-
namic vehicle trajectories, and interpretable operational descriptors into a shared
latent space, it provides a queryable semantic interface for digital twin operation.
This interoperable layer transforms the digital twin into a constructive environ-
ment for controlled infrastructure modification and an interactive environment
for semantically informed decision-making. By enabling behavior-conditioned
geometry generation and closed-loop analyses, this dissertation envisions a digital
twin-enabled ATMS that not only senses and synchronizes but actively reasons,
adapts, and translates roadway infrastructure changes into system-verifiable intents
for proactive traffic management.

6.1 Main Contributions
The main contributions of this dissertation can be categorized into three key areas:

1. Road Geometry Sensing and Scalable Digital Twin Synchronization

This study presents Geo-ORBIT, a scalable and privacy-preserving frame-
work for real-time lane-level road geometry perception and digital twin syn-
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chronization. Leveraging federated meta-learning, the framework enables
adaptive geometry understanding across heterogeneous roadside camera
deployments without sharing raw data, thereby preserving confidentiality
while significantly reducing communication overhead. Geo-ORBIT achieves
fine-grained lane reconstruction and robust generalization to unseen loca-
tions, establishing the scalable perception foundation needed for continuously
updated roadway digital twins.

2. Knowledge Management and Semantic Reasoning for Transportation Anal-
ysis

This study introduces CrossTraffic, an open and modular framework designed
to codify and operationalize the Highway Capacity Manual for improved
transparency, adaptability, and reproducibility in traffic analysis. The frame-
work integrates a structured transportation knowledge stack, interoperable
middleware, and a multi-platform interface that enables researchers and
practitioners to access, extend, and validate computational procedures. At
its semantic layer, CrossTraffic incorporates LLMs and RAG to support nat-
ural language interaction with transportation manuals, enabling efficient
knowledge retrieval and dynamic analytical workflows. Demonstration on
the real-world highway showed the effectiveness and consistent performance
of the proposed framework across interfaces and LLM agents. Semantic val-
idator validates highway scenarios with more than 80% + threshold tests,
completely extinguishes the false inputs.

3. Behavior-Grounded Lane Representation for Constructive Digital Twins

GeoLaneRep is a cohesive representation learning framework that elevates
traffic digital twins from descriptive replicas to constructive and interactive
management tools with semantic awareness. Rather than modeling lanes
merely as static spatial coordinates, GeoLaneRep encodes each lane as a
functional traffic unit by jointly fusing structural geometry, dynamic vehicle
trajectories, and interpretable operational descriptors into a shared latent
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space. This behavior-grounded embedding serves as a queryable and editable
semantic interface between raw observation, digital twin, and traffic simula-
tion. By enabling behavior-conditioned geometry generation and temporal
reasoning as downstream tasks, the framework supports controlled infrastruc-
ture modification and semantically informed human-in-the-loop intervention,
translating low-level roadway changes into system-verifiable intents.

6.2 Limitations and Future Work
Despite the capabilities introduced in constructive and interactive digital twins,
several technical and operational boundaries remain. Addressing these limitations
presents clear pathways for future research.

1. Predictive Safety and Bounded Geometrical Control

While GeoLaneRep successfully establishes a behavior-grounded represen-
tation for constructive analyses, it currently lacks forward-looking conflict
prediction. Future extensions must integrate trajectory forecasting and sur-
rogate safety assessment models directly into the geometry generation loop.
Ensuring that any algorithmically proposed lane modification is constrained
by mathematical safety bounds and collision risk thresholds is essential before
deployment in active traffic management.

2. V2X Integration and Multi-Agent Data Fusion

The current frameworks rely predominantly on infrastructure-mounted vision
sensors to construct the digital twin. A critical next step is integrating Vehicle-
to-Everything (V2X) communication streams. Fusing macro-level roadside
camera perception with high-fidelity, micro-level telematics and intended
agent trajectories will resolve occlusion issues, reduce latency, and create a
comprehensive, multi-modal semantic representation of the roadway.

3. Generalization to Diverse Traffic Scenes via Self-Supervised Learning
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The findings and framework validations presented in this dissertation are
primarily highway-centric. Scaling these models to handle complex urban
topologies remains an open challenge, largely due to the reliance on annotated
training data. Achieving network-level scalability and adaptability across
novel road geometries will require shifting toward self-supervised or unsu-
pervised representation learning, allowing the system to learn lane semantics
purely from continuous observation without the labeling bottleneck.

4. Human Computer Interaction and Operational Credibility

As the digital twin becomes more interactive and automated, the human-
in-the-loop experience must be refined. Future research should prioritize
transparent semantic reasoning, ensuring that when the system proposes a
geometry or operational shift, the underlying logic is explainable to traffic en-
gineers. Building intuitive, natural language interfaces will be key to building
operational credibility and practical adoption.

5. Real-Time Performance under Edge Conditions

The proposed frameworks have not yet been heavily constrained by the com-
putational limits of field hardware. Deploying these models natively on
roadside units requires further optimization of the neural architectures to en-
sure low-latency, real-time inference and synchronization under constrained
edge-computing environments.
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