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Executive Summary

Urban transportation systems are facing increasing operational pressure due to growing travel
demands, recurring congestion, aging infrastructure, and limited real-time situational awareness.
Non-recurring events such as lane closures, signal failures, incidents, and work zones often
produce disproportionate impacts on traffic delays, reliability, and user cost. Transportation
agencies require tools that move beyond traditional monitoring and visualization to support
proactive, data-driven operational decision-making.

This research presents SMART-TWIN, an Artificial Intelligence (Al)—driven Digital Twin framework
designed to support real-time traffic operations, disruption detection, and infrastructure decision
analysis. The proposed system integrates microscopic traffic simulation, synthetic demand
generation, supervised machine learning, and performance-based operational metrics within a
unified and reproducible architecture. The framework is demonstrated through a corridor-scale
Digital Twin of the Shaw—Cedar intersection in Fresno, California.

SMART-TWIN combines multiple components to emulate real-world traffic conditions and
evaluate operational scenarios. OpenStreetMap data were converted into a detailed microscopic
network using the SUMO simulation platform. A long-horizon synthetic traffic dataset (2020—
2030) was developed to replicate realistic daily, weekly, and seasonal demand patterns, enabling
Digital Twin operation during early deployment stages before full sensor availability. Traffic
conditions were simulated at 10-minute intervals, and lane-level volumes and operational
features were used to train supervised machine learning models.

The system classifies four operational states: normal operation, stop-and-go conditions caused
by signal failure, one-lane closure, and two-lane closure. A Random Forest classifier achieved high
classification accuracy (approximately 99.9%) under controlled experimental conditions. Beyond
state detection, SMART-TWIN translates operational conditions into decision-relevant
performance indicators using queueing-based backlog estimation and delay-to-cost conversion
based on value-of-time principles. This approach enables agencies to understand not only what
disruption is occurring, but also its operational and economic impact.

Scenario-based analysis demonstrates the nonlinear effects of capacity loss and control failure
on congestion growth and user delay. Sensitivity analysis shows that the system maintains
reliable disruption detection under moderate demand uncertainty, while impact metrics scale
appropriately with traffic intensity. Early-warning analysis indicates that operational disruptions
can be identified within one to two 10-minute intervals, allowing potential proactive response
before severe congestion develops.



The results demonstrate that Al-enhanced Digital Twins can function as practical decision-
support tools for transportation operations. By linking traffic state recognition to interpretable
performance and cost metrics, SMART-TWIN bridges the gap between simulation, analytics, and
operational planning. Potential applications include proactive traffic management, infrastructure
investment prioritization, incident response planning, and evaluation of work-zone or capacity-
reduction scenarios.

Although this Phase | study relies on synthetic demand and controlled scenario reconstruction,
the framework is designed for integration with real-time sensor data and scalable deployment
across corridors and network-level systems. Future work will focus on field validation, live data
integration, and the incorporation of adaptive control strategies to support real-time operational
optimization.

Overall, SMART-TWIN provides a scalable and practical foundation for next-generation
transportation Digital Twins that support proactive management, improved system reliability,
and data-driven infrastructure decision-making.



1. Introduction

Urban transportation systems are experiencing increasing operational stress due to population
growth, rising travel demand, aging infrastructure, and expanding expectations for safety,
reliability, and sustainability. Congestion continues to impose significant economic and societal
costs through travel delays, fuel consumption, emissions, and reduced productivity. While
recurring congestion remains a major concern, non-recurring disruptions, such as traffic
incidents, work zones, lane closures, special events, and traffic signal failures, often produce
disproportionate impacts on travel time variability and network performance (FHWA, 2021).
These events are difficult to anticipate and manage using traditional monitoring and control
approaches.

Transportation agencies are increasingly seeking data-driven tools that enable proactive system
management rather than reactive response. Advances in sensing, connected infrastructure, and
data analytics have expanded the availability of traffic data; however, many operational systems
remain limited to visualization dashboards or historical performance analysis. There is a growing
need for integrated platforms that combine real-time data, predictive modeling, and operational
evaluation to support informed decision-making under dynamic conditions.

Digital Twin technology has emerged as a promising framework for addressing these challenges.
A transportation Digital Twin is a virtual representation of physical infrastructure and traffic
processes that integrates data, simulation, and analytics to monitor system conditions and
evaluate operational strategies (Gopalakrishnan & Peeta, 2021). Recent large-scale initiatives
have demonstrated the feasibility of city-scale Digital Twin environments, such as the Virtual
Singapore project (Smart Nation Singapore, 2018). However, many existing implementations
emphasize visualization or offline scenario analysis and lack tight integration between
microscopic simulation, machine learning—based state inference, and interpretable performance
metrics that directly support operational and infrastructure decisions (Ali et al., 2023; Ge et al.,
2024).

This research addresses these gaps through the development of SMART-TWIN, an Artificial
Intelligence (Al)—driven Digital Twin framework for real-time traffic operations and decision
support. The proposed system integrates microscopic traffic simulation, synthetic demand
generation, supervised machine learning, and queueing-based performance evaluation within a
unified and reproducible architecture. The framework is designed to support early-stage
deployment scenarios, where full sensor coverage may not yet be available, while remaining
extensible to real-time data integration and adaptive control.



A corridor-scale case study is demonstrated using the Shaw—Cedar intersection in Fresno,
California to demonstrate the capabilities of the framework. Using a long-horizon synthetic
dataset designed to emulate realistic traffic patterns, the system detects operational disruptions
such as lane closures and signal failures and translates these conditions into interpretable
measures of congestion growth, delay, and user cost. By linking traffic state detection to decision-
relevant performance indicators, SMART-TWIN enables transportation practitioners to evaluate
operational impacts and prioritize mitigation strategies.

The key objectives of this research are the following:

e Develop a scalable Digital Twin architecture that integrates microscopic simulation and
Al-based operational state detection.

e Create a calibration-ready synthetic data pipeline to support early deployment and
controlled system evaluation.

e Quantify operational impacts of disruptions using queueing-based backlog estimation and
delay-to-cost metrics.

e Demonstrate the feasibility of early-warning detection and scenario-based decision
support at the corridor level.

This study relies on synthetic demand and simulated environments; while this enables controlled
evaluation, real-world deployment may introduce additional uncertainties such as sensor noise,
driver variability, and incomplete data. These factors will be addressed in future field validation.

The remainder of this report is organized as follows. Section Il reviews related work in
transportation Digital Twins and Al-based traffic analysis. Section Il describes the SMART-TWIN
system architecture. Section IV presents the data generation and simulation environment.
Section V details the machine learning and analysis methodology. Section VI presents
classification performance and model evaluation results. Section VIl introduces scenario-based
operational analysis. Section VIII presents the queueing-based backlog and cost proxy
formulation. Section IX evaluates robustness and sensitivity to demand and disruption severity.
Section X discusses early-warning detection capability. Section XI describes the role of Al-based
state classification within the SMART-TWIN framework, followed by conclusions.



2. Literature Review

This section provides context for the development of SMART-TWIN by reviewing prior work in
Digital Twins, simulation-based approaches, and Al-driven traffic analysis. Digital Twin (DT)
technology has gained increasing attention in transportation research as a framework for
integrating data, simulation, and analytics to improve system monitoring and decision-making. A
transportation Digital Twin creates a dynamic virtual representation of physical infrastructure
and traffic operations, enabling agencies to evaluate system performance, test operational
strategies, and anticipate the impacts of disruptions under varying conditions (Gopalakrishnan &
Peeta, 2021).

Digital Twins in Transportation Systems

Recent studies have examined the role of Digital Twins in Intelligent Transportation Systems (ITS)
from both conceptual and implementation perspectives. Recent studies highlight the potential
of DTs to support real-time monitoring, predictive analytics, and adaptive control by integrating
technologies such as Internet of Things (loT) sensing, cloud computing, and artificial intelligence
(Ali et al., 2023; Ge et al,, 2024; Xing et al., 2025). Despite this potential, many current DT
implementations remain limited to visualization platforms or offline “what-if” analysis rather
than operational decision support.

Several large-scale initiatives have demonstrated the feasibility of urban Digital Twins. For
example, the Virtual Singapore project provides a city-scale digital environment for urban
planning and infrastructure analysis (Smart Nation Singapore, 2018). While these efforts illustrate
the scalability of DT concepts, they often focus on planning and visualization rather than real-
time traffic operations.

Microscopic Simulation-Based Digital Twins

Microscopic traffic simulation has become a key component of operational Digital Twin
frameworks. Simulation platforms such as SUMO enable detailed modeling of vehicle
interactions, lane-level behavior, and traffic control strategies (Lopez et al., 2018). Research has
shown that coupling microscopic simulation with real-world traffic data can support real-time
system monitoring and predictive analysis (Kusi¢ et al., 2023).

Additional work has integrated SUMO-based Digital Twins with visualization engines such as
Unity to provide interactive operator interfaces and enhanced situational awareness (Rundel et
al., 2023). Other studies have explored Digital Twin—based municipal traffic control systems that
iteratively evaluate and implement control actions using real-time sensing data (Pradhananga et
al., 2025). These efforts demonstrate the operational value of runtime simulation but often focus
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primarily on control evaluation rather than disruption detection and decision-oriented
performance assessment.

Al and Machine Learning for Traffic State Analysis

Artificial intelligence and machine learning techniques have been widely applied to traffic
prediction, anomaly detection, and incident identification. Data-driven models can capture
nonlinear relationships among traffic variables and improve the detection of abnormal conditions
compared with traditional threshold-based methods (Lv et al., 2015). In the context of Digital
Twins, machine learning enables automated operational state inference, supporting early
detection of congestion patterns, capacity reductions, and control failures.

However, many Al-based traffic studies focus on prediction accuracy without linking model
outputs to operational decision metrics. For transportation agencies, understanding the practical
impact of detected conditions, such as expected delay growth or user cost, is essential for
prioritizing mitigation actions.

Gap in Existing Research

Despite these advances, existing Digital Twin systems often lack integration between simulation,
Al-based inference, and decision-oriented performance metrics. In addition, many approaches
assume fully instrumented environments and do not address early-stage deployment scenarios.

Contribution of This Research

SMART-TWIN addresses these gaps by integrating microscopic simulation, a calibration-ready
synthetic data pipeline, supervised traffic-state classification, and queueing-based delay-to-cost
metrics within a unified, reproducible Digital Twin framework. Unlike prior approaches, the
proposed system explicitly links Al-based disruption detection to actionable operational and
economic indicators, enabling practical decision support for transportation agencies.



3. SMART-TWIN Architecture

SMART-TWIN is designed as a modular, end-to-end Digital Twin framework that integrates data
ingestion, microscopic traffic simulation, artificial intelligence—based state inference, and
performance evaluation within a unified operational workflow. The architecture is intended to
support both early-stage deployment using synthetic demand and future integration with real-
time field data.

At a high level, SMART-TWIN operates as a closed-loop system in which traffic inputs drive a
microscopic simulation environment, machine learning models infer operational conditions, and
the resulting system states are translated into interpretable performance and decision-support
metrics.

Overall Architecture

The SMART-TWIN framework consists of four primary components:
e Data acquisition and preprocessing
e Microscopic simulation and live emulation
e Al-based operational state inference
e Performance evaluation and decision support

Figure 1 illustrates the SMART-TWIN framework from data acquisition through Al-driven
simulation and decision support. These components operate sequentially but are designed to
support continuous updates, enabling near—real-time Digital Twin operation.



Figure 1. SMART-TWIN Framework from Data Acquisition to Al-Driven Simulation
and Decision Support
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4. System Model and Implementation

System Model and Digital Twin State Representation

The SMART-TWIN system is modeled in discrete time, where each time step k corresponds to a
10-minute interval. The system state is defined as:

X = [0, vie, die, O] €Y

This state representation captures both traffic conditions and contextual variables used for
analysis within the Digital Twin. Here, x,, denotes the DT state vector, where q, is the vector of
lane/approach queue lengths, n; denotes lane occupancies or vehicle counts, v, represents
mean speeds, d; captures delay/travel-time statistics, and H,I are model/context variables (e.g.,
weather/event indicators and scenario flags).

The system evolves according to:

X1 = f (Xis Uge, Wi) (2)

where u;, represents inputs (demand, control actions), and wj, captures disturbances such as
demand variability or incidents.

Observed outputs from the Digital Twin are given by:
Vi =h(x) +vg (3)

where v;, represents measurement or modeling noise.

Al-Based Operational State Inference

SMART-TWIN incorporates supervised machine learning to infer operational conditions from
observed system outputs.

The operational state space is defined as:

s ={ Normal, Stop-and-Go, 1-lane closure, 2-lane closure } (4)

The inferred state is given by:
Sk = 9(Py) (5)
where ¢, represents the extracted feature vector derived from y;,.

A Random Forest classifier is used to approximate g(-), enabling robust classification under
nonlinear and heterogeneous traffic conditions.



Digital Twin Construction and SUMO Integration

The Digital Twin is implemented using the Simulation of Urban Mobility (SUMO) platform, with
roadway geometry derived from OpenStreetMap (OSM) and manually refined to ensure accurate
lane connectivity, turning movements, and signal control logic. Figure 2 illustrates the OSM-to-
SUMO network construction pipeline.

Traffic demand is injected into the simulation using the TraCl interface, enabling real-time
interaction between system inputs and simulation outputs. At each time step, the Digital Twin
produces observations y,, which serve as a measurable representation of the system state.

This simulation-driven framework enables controlled evaluation of traffic dynamics under
varying demand levels and disruption scenarios.

Figure 2. OSM-to-SUMO Pipeline for Shaw—Cedar Network Construction and Validation

[OpenStreetMap JOSM EditingJ
[ netconvert SUMO Network}

Synthetic Data Generation and Live Emulation

A Python-based demand generator was developed to emulate realistic traffic patterns over
extended time horizons. The model produces temporally varying demand traces that capture the

following:
e Morning and evening peak periods
e Weekday and weekend variations
e Weather-induced demand fluctuations
e Event-driven traffic surges

The generator was extended to produce a long-horizon dataset spanning 2020-2030, enabling
robust system evaluation under diverse traffic conditions. Demand is generated at a 10-minute
resolution to capture short-term dynamics relevant to congestion formation and disruption

analysis.
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Figure 3. OpenStreetMap (OSM) Extraction of the Shaw—Cedar intersection, defining lane
Connectivity and Topology for SMART-TWIN Network Construction
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Figure 3 depicts the synthetic Shaw—Cedar traffic dataset used for DT calibration and Al training
(2020-2030), capturing high-resolution temporal dynamics and external factors
(weather/events).

TraCl-Based Live Injection

To emulate real-time system operation, synthetic demand is injected into the SUMO simulation
using the Traffic Control Interface (TraCl). At each discrete time step, demand inputs are read
and translated into vehicle flows dynamically entering the network.

This approach allows the simulation to function as a live Digital Twin engine, where traffic
conditions evolve continuously in response to time-varying demand patterns. The integration of
synthetic demand with TraCl enables seamless transition to real-time data streams in future
deployments without modification to the underlying system architecture.

11



Figure 4. Synthetic Shaw—Cedar Dataset (2020-2030) for Digital
Twin Calibration and Al Training

Time Span
11 Years (2020-2030)
Baseline 2025
+10-15% annual scaling

Resolution
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Signal optimization & planning Weather, events, peak-hour realism

Figure 4 illustrates the OpenStreetMap (OSM) extraction of the Shaw—Cedar intersection used as

the base roadway geometry for the Digital Twin.

Data Acquisition and Preprocessing

SMART-TWIN is designed to ingest traffic information from multiple sources, including the

following:

OpenStreetMap (OSM) roadway geometry
Synthetic or measured traffic demand
Lane-level volume and turning movement data

Contextual information such as time-of-day and weather conditions

All inputs are standardized into a unified schema with a 10-minute temporal resolution. This

interval provides sufficient granularity to capture peak-period dynamics and operational

disruptions while maintaining computational efficiency.

The framework supports two operational modes:

1. Synthetic mode, used for early deployment and controlled evaluation

2. Live mode, in which real-time sensor data can replace synthetic inputs without changes

to the system architecture

12



Microscopic Simulation and Live Emulation

The core of the Digital Twin is a microscopic traffic simulation implemented using the Simulation
of Urban Mobility (SUMO) platform. Roadway geometry and network topology are derived from
OpenStreetMap and refined using standard tools to preserve lane-level connectivity and turning

movements.

Traffic demand is injected into the simulation at each time step using the TraCl interface, allowing
the model to emulate evolving traffic conditions. This enables the Digital Twin to operate as a
live engine that reflects time-varying demand, operational disruptions, and capacity changes
such as lane closures or signal failures.

Simulation outputs include lane-level flows, vehicle counts, speeds, delays, and network-level
performance measures. These outputs represent the Digital Twin state and are used as inputs to
downstream analytics.

Al-Based Operational State Inference

To move beyond visualization and raw performance monitoring, SMART-TWIN incorporates
supervised machine learning to infer operational conditions automatically.

For each time interval, a feature vector is constructed using the following:
e Lane-level traffic volumes and turning movements
e Aggregate intersection demand
e Temporal features such as hour of day and day of week
Machine learning models classify the system into one of four operational states:
e Normal operation
e Stop-and-go conditions (signal failure or control degradation)
e One-lane closure
e Two-lane closure

A Random Forest classifier is used to capture nonlinear relationships among traffic variables and
to provide robust disruption detection under varying demand levels. The classification results
serve as a trigger for downstream performance and impact analysis.

13



Performance Evaluation and Decision Support

SMART-TWIN translates detected operational conditions into interpretable performance
measures that support operational and planning decisions.

Two key evaluation components are used:

Queueing-Based Backlog Estimation

A discrete-time backlog model estimates the accumulation of unmet demand over time,
representing the growth of congestion under capacity reductions or control failures.

Delay-to-Cost Conversion

Average vehicle delay obtained from the simulation is converted into a user-cost metric using
value-of-time assumptions. This enables comparison of operational scenarios in terms of
economic impact.

Together, these metrics provide a progression from:

Traffic state detection:

- congestion growth

- user delay

- decision-relevant cost impact

This structure allows transportation agencies to evaluate the severity of disruptions, prioritize
mitigation actions, and assess the operational benefits of infrastructure or control strategies.

Corridor-Scale Implementation

The SMART-TWIN framework was demonstrated using a corridor-scale Digital Twin of the Shaw—
Cedar intersection in Fresno, California. The network was constructed from OpenStreetMap data
and configured to represent lane-level operations at a high-volume signalized intersection
serving the Fresno State area.

The modular architecture ensures that the framework can be extended to multiple intersections
or corridor networks, with scalability primarily constrained by simulation and data processing
resources rather than model structure.

14



5. Al-Driven Data Preparation and Analysis Pipeline

To operationalize the SMART-TWIN framework beyond simulation and visualization, a structured,
multi-phase Al-driven analysis pipeline was developed. This pipeline integrates long-horizon
traffic data, scenario reconstruction, supervised learning, and performance-based impact
assessment to enable actionable insights for transportation operations.

Phase I: Data Loading and Scenario Preparation

The full 2020-2030 traffic dataset was loaded and validated to ensure temporal consistency,
completeness of lane-level turning movements, and correctness of aggregate volumes. Each
observation corresponds to a 10-minute interval, capturing time-varying demand and
operational conditions at the Shaw—Cedar intersection.

From the baseline dataset, four operational scenarios were reconstructed:

Normal: Nominal signalized operation with all lanes active
e Stop-and-Go: Emulation of signal failure using stop-controlled behavior
e Lanel Closed: Partial capacity reduction due to closure of one major through lane

e Lane2 Closed: Severe capacity reduction due to closure of two lanes, including through
and turning movements

Scenario generation was performed by systematically modifying lane-level flows while preserving
realistic temporal demand patterns. Data integrity checks ensured consistency across lane
volumes, total demand, and timestamps. The final dataset was structured for supervised learning
by assigning each observation a corresponding scenario label.

Phase II: Al Model Training and Evaluation

Two supervised machine learning models were developed to classify operational states from
traffic observations:

e A multinomial logistic regression model was used as an interpretable baseline

e A random forest classifier was used to capture nonlinear interactions among traffic
features

Input features included time-based variables (hour of day, day of week) and lane-level turning
movement volumes for all approaches. The dataset was partitioned using a stratified train-test
split to maintain class balance.

15



Model performance was evaluated using classification accuracy and confusion matrices. Feature
importance analysis was also conducted for the random forest model to identify the most
influential traffic movements contributing to scenario differentiation.

Phase lll: Scenario Impact Analysis

Beyond classification, SMART-TWIN quantifies the operational impacts of each scenario using
gueueing-based performance modeling.

A backlog simulation framework was used to estimate congestion accumulation under varying
capacity conditions. From this analysis, key performance indicators were derived, including the

following:
e Queue length evolution
e Average delay per vehicle
e Capacity-to-demand ratios
e Congestion buildup timelines
These metrics enable direct comparison across normal, lane closure, and signal failure scenarios,

translating Al-based classifications into interpretable operational impacts.

Phase IV: Traffic Trend Visualization

To contextualize scenario impacts within long-term demand evolution, multiple visualization
approaches were developed:

e A three-dimensional monthly Average Daily Traffic (ADT) surface (2020-2030)
e Atwo-dimensional yearly ADT trend curve

e A dataset overview infographic

e Anintersection movement diagram illustrating directional flow patterns

These visualizations provide insight into temporal traffic variability and support interpretation of

model outputs within broader system trends.
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Figure 5. Confusion Matrices Comparing Logistic Regression and Random Forest
Performance for Traffic State Classification
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Figure 5 illustrates the confusion matrices for Al-based operational state classification. The
logistic regression model achieves 94.4% accuracy, with minor confusion between normal and
stop-and-go conditions, while the random forest model achieves near-perfect accuracy (99.9%),
demonstrating strong capability in distinguishing complex traffic scenarios.

Figure 6. Al Classification Performance Comparison Between Logistic Regression
and Random Forest Models
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Figure 6 confirms near-perfect operational state detection using the random forest classifier on
the Shaw—Cedar dataset.
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Phase V: Visualization and Presentation Integration

All analytical outputs were consolidated into a structured visualization and reporting suite. High-
resolution figures were generated and integrated into a consistent scientific layout with

standardized labeling, captions, and visual hierarchy.
This integration supports effective dissemination across:
e Technical reports
e Academic publications

e Transportation agency presentations
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6. Scenario-Based Operational Analysis

To evaluate the practical implications of Al-based state detection, SMART-TWIN was used to
analyze traffic behavior under representative disruption scenarios. This section examines how
lane closures and signal failures affect intersection performance and congestion dynamics.

Lane Closure Modeling

Lane closure scenarios were implemented by selectively deactivating lanes and controlling
vehicle entry using TraCl. These scenarios simulate partial and severe capacity reductions along

major approaches.

Key performance indicators (KPls) include the following:
e Queue length
e Throughput
e Travel time

e Intersection delay

The analysis enables quantification of congestion buildup and capacity degradation under

reduced lane availability.

Figure 7. Baseline SUMO Simulation Under Normal Operating Conditions
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Figure 7 shows the baseline SUMO simulation under normal operation conditions without traffic

disruptions.

Signal Failure Modeling

Signal failure conditions were emulated by replacing signalized control with stop-controlled
operation. Both baseline and failure scenarios were simulated to evaluate differences in traffic

performance, as shown in Figure 8.
Comparative analysis focuses on the following:
e Queue growth over time
e Delay propagation across approaches

e Intersection throughput degradation

This approach provides insight into the operational impact of signal outages and the resulting

traffic instability.

Figure 8. SUMO Simulation of a Two-Lane Closure on Shaw Avenue (Right)
Compared with Normal Operation (left)
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Figure 8 compares normal operation and a two-lane closure scenario at the Shaw-Cedar
intersection. The lane closure scenario results in reduced discharge capacity and visible queue
buildup along Shaw Avenue, demonstrating how localized capacity loss propagates congestion

upstream.
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These scenario-based analyses demonstrate how SMART-TWIN translates Al-driven state

detection into interpretable operational insights for traffic management and planning.

Figure 9. SUMO Simulation of Stop-and-Go Traffic Due to Signal Failure (Right)

Compared with Normal Operation (Left)
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Figure 9 compares normal operation with stop-and-go conditions caused by signal failure.
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7. Queueing-Based Backlog Proxy and Cost Proxy

To translate Al-based traffic state detection into interpretable operational and economic
impacts, SMART-TWIN incorporates queueing-based backlog modeling and delay-to-cost
conversion. These proxies enable quantification of congestion severity and user impact under
different disruption scenarios.

Backlog (Queue) Proxy

To quantify congestion buildup, a discrete-time backlog proxy is defined based on arrival and
service dynamics.

Let:

e A;: number of arriving vehicles during time interval k

e Si:number of served (discharged) vehicles
The backlog evolves as:

Byy1 = max{0, By + Ay — Sk} (6)

where B), represents the backlog (queue) at time step k, measured in vehicles.
In practice:

e A is obtained from injected demand (lane-level volumes)

e S, is estimated from simulated throughput or saturation-flow discharge

For multi-lane or multi-approach systems, the backlog equation is applied element-wise.

Normalized Severity Index
To provide a scale-independent measure of congestion, a normalized severity index is defined as:

" max(e, 4y,)

Mk 7

where € > 0 avoids division by zero.

This metric reflects the relative imbalance between demand and service capacity and serves as
an indicator of the severity of disruption.
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Figure 10. SUMO Vehicles-in-Network a 24-hour Period Across Scenarios
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Figure 10 shows the evolution of the backlog proxy across operational scenarios over a
representative 24-hour period. The results highlight nonlinear backlog growth, with clear
separation between normal operation, lane closures, and stop-and-go conditions as congestion

accumulates over time.

Delay-to-Cost Conversion Using Value of Time (VOT)

To translate delay into an interpretable user-impact metric, a Value of Time (VOT) model is
applied.

When average per-vehicle delay is directly available from SUMO (in seconds per vehicle), the
daily user-cost proxy for scenario meS is computed as:

(m) am

c'"m =~ Ve— 8
Cvor 3600 (8)

where:

e V/:average daily demand (vehicles/day)

e d): mean delay (seconds/vehicle)
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e Cygr: value of time ($/vehicle-hour)

Delay Estimation from Backlog Proxy

When delay is not directly available, it can be approximated from backlog dynamics.

Define the delay proxy (in time steps) as:

B
(m) _ k

=E|—% | 9
Sproxv IE:[max(e,Ak)] ©)

Using the simulation time interval At (e.g., 600 seconds for 10-minute intervals), the delay is
approximated as:

am =g§m At (10)
proxy
This estimate is then substituted into Equation (8) to compute the cost proxy.

Figure 11. Average Network Delay Proxy Across Operational Scenarios
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Figure 11 presents the average network delay proxy across operational scenarios. The results
indicate nonlinear delay escalation under capacity reductions and signal failures, underscoring
the sensitivity of delay to disruptions.
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Cost Proxy Visualization

Figure 12 shows the normalized daily user-cost proxy across scenarios.

Figure 12. Normalized Daily User-Cost Proxy Across Operational Scenarios
(Relative to normal operation)
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The figure demonstrates compounding user impact under lane closures and stop-and-go
conditions, independent of absolute value-of-time assumptions.

Integrated Interpretation and Decision Support

Figures 10—12 illustrate a progressive abstraction of system performance:
e Backlog (vehicles) = physical congestion
e Delay (seconds) - operational degradation
e Cost proxy = user-facing impact

This progression enables SMART-TWIN to bridge the gap between simulation outputs and
decision-making metrics.

Within a traffic management context, these outputs can be mapped to operational thresholds.
For example:
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e Sustained lane-closure detection combined with rapid backlog growth can trigger

mitigation strategies such as signal retiming, access control, or traveler information
updates

e Early detection of stop-and-go conditions due to signal failure can prompt maintenance
dispatch or temporary control overrides

In this sense, SMART-TWIN functions as a decision-support layer, enabling proactive traffic
management rather than passive monitoring.
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8. Robustness and Sensitivity Analysis

To evaluate the stability and generalizability of SMART-TWIN under varying operating conditions,
a robustness and sensitivity analysis was conducted using controlled perturbations of traffic
demand and disruption severity. Rather than introducing new scenarios, this analysis leverages
the existing synthetic dataset and reconstructed operational states to assess whether
classification performance and operational impact metrics remain consistent under moderate
uncertainty.

Demand Scaling Sensitivity

Traffic demand was uniformly scaled by factors of 0.8x, 1.0x, and 1.2x relative to baseline
demand profiles for each operational scenario. These scaling levels represent realistic variations
arising from seasonal changes, special events, or forecasting uncertainty. For each demand level,
the Digital Twin simulation, Al-based operational state classification, and queueing-based
performance metrics were recomputed.

Across all demand levels, the Random Forest classifier maintained consistently high accuracy,
with no observable degradation in detecting lane closures or Stop-and-Go conditions. This
indicates that the learned decision boundaries are robust to moderate variations in demand
magnitude.

In contrast, the normalized cost proxy exhibited nonlinear growth as demand increased,
particularly under disruption scenarios. While normal operation scaled approximately linearly
with demand, lane closure and signal failure scenarios showed disproportionate increases in
delay and backlog accumulation, reflecting compounding congestion effects under reduced
capacity.

These results highlight a key property of SMART-TWIN: state recognition remains stable, while
impact metrics appropriately reflect system stress, enabling reliable detection under uncertainty
without masking operational severity.

Disruption Severity Sensitivity

In addition to demand scaling, sensitivity to disruption severity was evaluated by varying the
degree of capacity reduction (e.g., partial versus full lane closures).

As expected:
e Increased severity led to faster backlog accumulation

e Delay and cost proxies exhibited monotonic growth with capacity loss
27



e System degradation patterns remained consistent across severity levels

Importantly, the Al classifier correctly identified the operational state across all severity
variations, indicating that classification performance is not dependent on a specific disruption
magnitude.

Overall, these findings demonstrate that SMART-TWIN is robust to moderate modeling
uncertainty and preserves both:

e High classification accuracy

e Reliable, decision-relevant performance trends
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9. Early-Warning Detection Capability

Beyond static classification, SMART-TWIN is designed to detect emerging disruptions before
severe congestion develops, enabling proactive intervention.

This capability was evaluated by measuring detection latency following transitions from normal
operation to disruption scenarios. For each lane closure and Stop-and-Go signal failure case,
disruptions were introduced at known simulation times.

Detection latency was defined as the number of 10-minute intervals required for the Al classifier

to consistently identify the correct operational state.

Key Observations

e Lane closures were detected within 1-2 intervals, reflecting gradual changes in lane
utilization and queue formation

e Stop-and-Go signal failures were detected within a single interval in most cases, due to

abrupt breakdown in discharge behavior

In all cases, detection occurred prior to peak congestion, indicating that SMART-TWIN provides
actionable early signals rather than retrospective diagnostics.

This early-warning capability enables:
e Proactive signal retiming
e Rapid incident response

e Timely traveler information dissemination
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10. Role of Al-Based State Classification in SMART-TWIN

Within the SMART-TWIN framework, Al-based operational state classification serves as a
decision-triggering layer, rather than an end objective.

Using the 2020-2030 Shaw—Cedar dataset, the Random Forest classifier reliably identifies key
operational states, including:

e Lane closures
e Stop-and-Go conditions due to signal failure
These classifications act as inputs to downstream modules, including:
e Queueing-based backlog estimation
e Delay-to-cost conversion
By explicitly separating:
e State recognition (Al layer)
e Performance evaluation (queueing + cost models)
SMART-TWIN ensures that operational decisions are both:
e Robustly triggered, and
e Quantitatively justified
Scalability Considerations
The computational structure of SMART-TWIN supports scalable deployment:

e Al inference and queueing-based computations scale linearly with the number of
approaches/intersections

e The primary computational bottleneck is microscopic simulation (SUMO + TraCl) rather
than classification

This distinction is critical, as it implies that system-wide deployment is feasible without significant
Al overhead, with optimization efforts focused on simulation efficiency.
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This study relies on synthetic demand and simulated environments; while this enables controlled
evaluation, real-world deployment may introduce additional uncertainties such as sensor noise,
driver variability, and incomplete data. These factors will be addressed in future field validation.
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11. Conclusion

This study developed and demonstrated SMART-TWIN, an Artificial Intelligence (Al)—driven
Digital Twin framework for traffic operations monitoring, disruption detection, and performance-
based decision support. The framework integrates microscopic traffic simulation, long-horizon
synthetic demand generation, supervised machine learning, and queueing-based performance
modeling within a unified and scalable architecture.

The corridor-scale case study at the Shaw—Cedar intersection in Fresno, California, demonstrated
the ability of SMART-TWIN to emulate time-varying traffic conditions, accurately identify
operational disruptions, and quantify their impacts in terms of congestion growth, delay, and
user cost. The machine learning model achieved consistently high classification accuracy, while
disruption events were detected within one to two analysis intervals, enabling timely response.
Scenario-based results further revealed that capacity reductions and control failures lead to
nonlinear increases in congestion and economic impact, underscoring the importance of early
detection and proactive traffic management.

A key contribution of this work is the integration of robust operational state recognition with
interpretable performance and cost metrics, allowing transportation agencies to move beyond
passive monitoring toward actionable, data-driven decision-making. This capability directly
supports applications such as incident response, work zone planning, operational optimization,
and infrastructure investment prioritization.

The study also demonstrated the effectiveness of using long-horizon synthetic demand to
support early Digital Twin deployment in environments where continuous high-resolution field
data are not yet available. This approach enables controlled system evaluation and model
development while maintaining compatibility with future real-time data integration.

The SMART-TWIN architecture is inherently modular and scalable, supporting extension from
single intersections to corridor-level and network-wide deployments. Future work will focus on
integrating real-time sensor and signal data, conducting field validation, improving robustness
under real-world uncertainty, and incorporating adaptive control strategies to enable closed-
loop operational optimization.

Overall, the results indicate that Al-enabled Digital Twins provide a practical and scalable
foundation for next-generation transportation systems, enabling proactive operations, improved
system reliability, and data-driven infrastructure decision-making.
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