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EXECUTIVE SUMMARY 

This project designed, deployed, and validated a comprehensive statewide, real-time work zone 

intelligence system for Iowa capable of transforming raw connected vehicle (CV) telemetry, 

camera feeds, and cloud-based analytics into actionable operational insights. The resulting 

platform, ReactorIQ, integrates data ingestion pipelines, performance metric computation, 

machine learning components, and intuitive dashboards to provide transportation agencies with a 

continuous understanding of traffic conditions across active work zones. Through this work, the 

project demonstrated that CV data can serve as a strong foundation for modern traffic 

monitoring, achieving a level of spatial coverage and temporal resolution that traditional fixed 

sensors alone cannot provide. 

A major accomplishment of the project was the creation of a cloud-native analytics architecture 

capable of processing millions of CV records per hour with near-real-time latency. Built on 

AWS Glue, Apache Spark, and Apache Sedona, the system filters and maps telemetry onto 

roadway geometries and generates key performance indicators such as queue length, delay, speed 

degradation, and slowdown frequency. The platform incorporates machine learning techniques to 

enhance situational awareness, including the detection of lane closures from subtle shifts in 

lateral driving behavior. These capabilities, combined with real-time alerting and an interactive 

dashboard, provide operators with improved visibility into merging turbulence, bottleneck 

formation, shockwave propagation, and behavioral responses to work zone configurations. 

The platform supports both operational and planning needs. In real-time, transportation agencies 

can identify emerging congestion, respond to safety anomalies, and verify incidents through live 

camera feeds. Over longer time horizons, the system provides a rich archive of performance data 

that can inform work zone design, taper placement, contractor compliance, and seasonal traffic 

behavior. Overall, this project demonstrates that integrating CV data, cloud analytics, and AI-

driven interpretation can significantly enhance work zone operations and provide a scalable 

blueprint for the next generation of intelligent transportation systems. 

This report details the development and key features of ReactorIQ, the challenges overcome and 

major accomplishments throughout the project, and directions for future work. 
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CHAPTER 1. INTRODUCTION 

1.1. Project Overview 

This project focused on the design, deployment, and validation of a statewide, real-time work 

zone monitoring and traffic performance intelligence platform for Iowa known as ReactorIQ. 

Unlike traditional systems that depend on fixed roadside sensors, manual contractor logs, or 

delayed 511 updates, ReactorIQ is built around high-resolution connected vehicle (CV) telemetry 

as its primary data source. The platform continuously transforms naturalistic vehicle movement 

into detailed measures of mobility, safety, and operational performance across Iowa’s 

uninterrupted flow network, demonstrating that CV telemetry data can support a complete work 

zone intelligence workflow. 

Modern transportation networks are rapidly evolving as CVs become more prevalent and as 

agencies expand their adoption of smart infrastructure. Traditional fixed sensors, such as loops 

and radar units, often offer incomplete spatial coverage and have limited ability to capture 

emerging conditions across rural corridors and secondary roadways. The system developed in 

this project overcomes these limitations by leveraging high-resolution CV telemetry data that 

provide vehicle-level insight into speed, acceleration, lateral position, and trajectory patterns 

across the entire state of Iowa. By processing these data at scale, ReactorIQ offers a granular and 

behaviorally grounded view of how drivers respond to lane closures, queues, and work zone 

configurations in both urban and rural environments. 

ReactorIQ was intentionally built around three core pillars: real-time incident detection, daily 

operations analysis to strengthen management, and data-driven support for smart work zone 

planning (Figure 1).  

 

Figure 1.1. ReactorIQ’s three core pillars supporting incident detection, daily 

operations analysis, and smart work zone planning 

The first pillar, incident detection, focuses on revealing emerging slowdowns, queue buildups, 

speed drops, and turbulence patterns on the order of minutes. CV telemetry data are ingested into 

AWS Glue at frequent intervals and processed through Apache Spark and Apache Sedona 
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pipelines to produce five-minute performance windows, which are then used to detect speed 

degradation, shockwave formation, and clusters of abrupt decelerations associated with elevated 

crash risk. These conditions are translated into JSON and XML messages that are made available 

for use in dynamic message signs (DMS), upstream traveler warnings, and operator alerts.  

The second pillar, daily operations and management, provides the operational layer of the 

system. ReactorIQ continuously computes CV-based performance metrics such as average and 

percentile speeds, delay and journey-level travel time, queue length and duration, slowdown 

frequency, and approximate estimated volume. These metrics are exposed through an integrated 

web-based dashboard that visualizes statewide work zones, real-time speed segment heatmaps, 

daily time series plots, and vehicle trajectory diagrams. Trajectory visualizations are particularly 

powerful for revealing shockwaves, merging turbulence, and bottleneck formation patterns that 

cannot be accurately detected by point detectors. 

The third pillar, long-term smart work zone planning, leverages historical CV telemetry data to 

evaluate future work zone scenarios. The analysis focuses on understanding how traffic 

conditions such as speed, queue length, and delay evolve under baseline and work zone 

conditions using observed data patterns. These insights are used to examine alternative 

deployment windows, lane closure configurations, and staging strategies. 

As part of this platform, the dashboard also incorporates outputs from a CV-based automatic lane 

closure detection model, which identifies the location and timing of lane closures using weekly 

shifts in speed and lateral position distributions. This directly addresses a long-standing 

operational problem for the Iowa Department of Transportation (Iowa DOT), namely, identifying 

temporary work zones or moving lane closures. By inferring closure status from vehicle behavior 

itself, ReactorIQ improves the accuracy of work zone situational awareness and supports better 

integration with Work Zone Data Exchange (WZDx) feeds and contractor compliance checks. 

As a result, the same CV telemetry data that support real-time monitoring and daily operations 

also enable planning-time evaluation of work zone impacts, including comparisons between 

hypothetical closures and historical behavior on similar corridors. Collectively, these three pillars 

establish a CV-driven framework that elevates ReactorIQ from a monitoring dashboard to an 

artificial intelligence (AI)-driven work zone management system. 

1.2. Challenges Faced and Resolutions 

Building a statewide, CV-driven, real-time monitoring ecosystem posed several technical, 

operational, and cloud infrastructure challenges, requiring multiple cycles of redesign and 

refinement to achieve both reliability and cost-effectiveness. One of the earliest challenges 

centered on the design of robust spatial queries capable of accurately joining massive volumes of 

CV telemetry to the underlying roadway network. Early versions of the pipeline frequently 

encountered spatial mismatches, leading to incorrect assignment of waypoints to segments. 
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A second major challenge was detecting queues and slowdowns in low-volume rural corridors 

with sparse CV penetration. In these environments, naive algorithms that rely on high sample 

densities or strict thresholds on mean speed can underestimate queues or produce fragmented 

detections. The system mitigated this by moving toward percentile-based speed metrics and 

temporal persistence rather than raw averages alone. Five-minute bins were used to stabilize 

speed estimates, and queue detection relied on the presence of slow-speed clusters that persist 

over consecutive bins, even when sample counts are low. This design allowed the platform to 

detect meaningful slowdowns while avoiding overreaction to isolated slow vehicles. 

Lane closure detection posed its own set of difficulties. Early approaches depended heavily on 

the standard deviation of lateral position and other low-order distribution moments, which 

became unstable in segments with limited vehicle passes or atypical geometry. These instabilities 

led to spurious flags in locations where traffic was normal but sample sizes were small. The team 

shifted to a more robust representation based on empirical cumulative distribution functions 

(CDFs) of speed and lateral position and used Kolmogorov-Smirnov statistics to quantify weekly 

distributional shifts. Multi-week aggregation was introduced to stabilize features, and lateral 

movement was constrained to realistic bounds derived from cross-section geometry. These 

changes substantially reduced false positives and yielded a more reliable closure detection 

pipeline suitable for statewide deployment. 

Another critical challenge was to optimize the cloud compute strategy and compute costs. Early 

prototypes relied on AWS Athena queries over large CV tables, which often required 8 to 10 

minutes to process the most recent batches of data because of repeated full-table scans. 

Migrating core transformations into AWS Glue improved performance but introduced a different 

problem: cost. With two to three Glue jobs running continuously around the clock to keep 

statewide metrics updated, monthly compute charges grew quickly and were not sustainable for 

long-term, always-on operations. To address this, the team transitioned the majority of heavy 

processing to AWS EC2-based Spark clusters. This approach reduced latency to roughly 5 to 10 

seconds for processing statewide five-minute windows and lowered monthly compute costs on 

the order of 40% to 60% relative to a Glue-based configuration. The move to managed Spark 

clusters also provided finer control over scaling, allowing the system to scale up during peak 

periods and downscale overnight or during low-demand periods. 

Ensuring end-to-end reliability of the real-time pipeline required additional operational 

refinements. Some failures arose when AWS Lambda-based transformation services attempted to 

consume files that had already been deleted by cleanup processes or overwritten by newer 

outputs. To resolve this, dual-write strategies were adopted so that intermediate products were 

stored in both transient and longer-lived Amazon S3 locations, retention windows were 

extended, and pipeline stages were synchronized using S3 event triggers rather than fixed time 

offsets. On the front end, dashboard responsiveness and map rendering performance initially 

suffered when thousands of CV points and polygons were drawn at full resolution. This was 

mitigated by introducing map tile caching, asynchronous data loading, and zoom-dependent 

filtering so that the dashboard displays only the level of detail appropriate for the current view. 

These enhancements significantly improved user experience and made statewide visualization 

practical in operational settings. 
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1.3. Successes Achieved 

Despite the complexity and scale of the problem, the project achieved several significant 

technical and operational milestones that collectively demonstrate the feasibility and value of a 

CV-based statewide work zone intelligence system. One of the most important accomplishments 

was the deployment of a fully automated real-time pipeline capable of ingesting, processing, and 

analyzing CV data on a continuous basis. The system now routinely processes CV telemetry on 

the order of every 30 seconds, aggregates it into five-minute bins, and generates statewide traffic 

performance metrics that capture queue formation, lane closures, and sudden speed drops with 

minimal latency. This performance lays a strong foundation for the short-term detection and 

prediction of emerging disruptions, fulfilling a core element of the project scope. 

The project also delivered a unified operational dashboard that integrates these analytics into a 

single, cohesive interface for transportation operators. Users can view statewide work zones on 

an interactive map, inspect real-time speed heatmaps and queue metrics, review time series plots 

for speed and delay, and examine high-resolution trajectory plots that reveal microscopic driving 

behavior around work zones. This combination of spatial and temporal visualization offers a 

level of continuity and detail that legacy systems based on isolated detectors and manual logs 

cannot provide. The dashboard further exposes lane closure detection overlays and, when 

available, live camera feeds for visual verification, although cameras are not required for core 

computation. 

A particularly impactful success was the accurate detection of lane closures using only CV data. 

Traditional lane closure reporting methods such as manual field logs, project databases, and 

sensor-based systems are often inconsistent, incomplete, or delayed, which makes it difficult to 

maintain reliable situational awareness. Prior research has noted that these conventional sources 

can be error prone, inefficient, and limited in their ability to capture dynamic or moving 

operations, especially when closures shift over time or when no dedicated detection devices are 

present [1]. By continuously analyzing CV lateral position and speed distributions at a 0.1-mile 

resolution, ReactorIQ’s lane closure module provides an independent behavior-based source of 

truth that identifies when and where closures are actually in effect. This improves day-to-day 

situational awareness and offers a more accurate basis for evaluating work zone performance and 

contractor compliance over time. 

Another key milestone was the integration of real-time queue warning and safety-related alerts. 

The system generates Traffic Management Data Dictionary (TMDD)-compliant XML messages 

describing the onset and extent of queues, as well as severe slowdowns in and around work 

zones. These messages are designed to feed directly into agency systems for DMS activation and 

traveler information dissemination. By closing the loop between detection and communication, 

the platform moves beyond passive monitoring and supports active, automated responses to 

emerging traffic conditions. 

The project further demonstrated the diagnostic value of trajectory plots and speed heatmaps for 

operational decision-making. These visual tools have already been used to identify shockwave 

propagation patterns, evaluate the impacts of different taper designs, and analyze merging 
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turbulence caused by lane reductions. In several case studies, they provided insight into the exact 

segment where breakdown occurred, how far and how fast the resulting queues propagated 

upstream, and how long it took for traffic to recover after work activities ended. This level of 

diagnostic detail directly supports both immediate operational decisions and longer-term work 

zone design improvements. 

Finally, the architecture itself represents a major success. By shifting heavy computation from 

Glue to EC2-based Spark clusters and designing modular services for metric computation, alert 

generation, and visualization, the system achieves statewide scalability while maintaining low 

latency and reasonable operating costs. The modular design also makes it feasible to extend 

ReactorIQ to additional use cases, such as non-work-zone incidents or weather-related 

disruptions, without requiring a complete redesign. 

1.4. Future Improvements 

A major area of future development involves deeper fusion of CV telemetry data with camera-

based analytics. While camera feeds are currently used primarily for visual verification, the 

longer-term goal is to deploy AI-based video models capable of identifying stalled vehicles, 

estimating lane occupancy, and detecting near-miss interactions in and around work zones. These 

visual analytics, when combined with CV-based speed and trajectory patterns, could 

significantly improve the detection of complex incidents and subtle safety issues that may not be 

evident from CV telemetry data alone, particularly in areas with lower penetration rates. 

The lane closure detection framework itself can also be extended. Current models are designed to 

detect single-lane closures and relatively stable configurations. Future work aims to handle 

dynamically moving closures, partial shoulder closures, multi-stage construction layouts, and 

highly variable nighttime operations. Achieving this will require more granular modeling of 

lateral position distributions, time-of-day effects, and lane-specific geometric constraints, as well 

as tighter integration between automatic closure detection and planned closure records. 

On the algorithmic side, there is room to refine trajectory smoothing, enhance shockwave 

detection algorithms, and formalize turbulence classification into clear operational categories 

such as recurrent stop-and-go waves, isolated breakdowns, and merge-related disturbances. 

These improvements would help operators quickly interpret complex patterns and prioritize 

responses. From an infrastructure standpoint, continued work is planned on strengthening data 

redundancy, incorporating message queues for more resilient inter-service communication, and 

further optimizing storage and compute costs. Additional use of EC2 autoscaling policies and 

spot instances may provide further cost savings without compromising reliability.  

Finally, several user-facing enhancements are envisioned for the dashboard. These include 

multi–work zone comparison views that allow operators to assess performance across corridors, 

historical playback modes for replaying past days of operation, and automated daily or weekly 

performance reports that summarize key metrics and anomalies. Together, these improvements 

would make ReactorIQ even more useful as both a real-time operations tool and a planning and 

evaluation resource. 
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1.5. Conclusion 

This project represents a significant advancement in real-time traffic monitoring and work zone 

management by demonstrating that CV data, when combined with cloud-native processing and 

tailored analytics, can serve as the foundation for a comprehensive statewide intelligence 

platform. Through an iterative development process, the team overcame challenges related to 

computational latency, cost management, and model stability. The resulting system provides 

transportation agencies with powerful tools for detecting congestion, accurately identifying lane 

closures, monitoring safety-related behavior, and understanding traffic dynamics at both the 

macroscopic and microscopic levels. 

The successful deployment of ReactorIQ confirms the viability and importance of CV-driven 

traffic intelligence systems. By supporting short-horizon detection and prediction, real-time 

operational monitoring, and long-term smart work zone planning within a single architecture, the 

platform aligns closely with the scope defined in the original proposal for this project. With 

continued enhancements, ReactorIQ can serve as a foundation for statewide automated 

operations, predictive analytics, and integrated work zone management, laying the groundwork 

for the next generation of smart transportation infrastructure in Iowa and beyond. 

1.6. Report Outline 

The remainder of this report presents contextual information on advanced work zone monitoring 

and management (Chapter 2) and details each component of Reactor IQ: real-time incident 

detection (Chapter 3), performance monitoring and metric design (Chapter 4), smart planning 

and lane closure detection (Chapter 5), and the deployment of the integrated dashboard (Chapter 

6). The closing chapter (Chapter 7) summarizes the key strengths and limitations of ReactorIQ 

and outlines potential improvements for the platform.  
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CHAPTER 2. BACKGROUND 

2.1. Motivation 

Work zones have emerged as increasingly important components of modern roadway 

infrastructure management, especially as the United States continues its efforts to rehabilitate 

aging highways and bridges under recent federal investment programs such as the Infrastructure 

Investment and Jobs Act. These temporary but essential work zones support long-term mobility 

and asset preservation, yet they introduce operational challenges that can significantly disrupt 

normal traffic flow. Drivers entering work zones encounter altered roadway conditions such as 

lane shifts, shoulder narrowings, uneven pavement surfaces, tapered lane drops, and the ingress 

and egress of construction vehicles. Each of these elements influences driver behavior and can 

lead to speed variability, frequent lane changes, and reduced stability in traffic flow. If not 

monitored and managed carefully, these disruptions can escalate into safety and mobility 

problems. 

Recent national statistics from the Federal Highway Administration (FHWA) indicate that work 

zones continue to account for a substantial number of traffic fatalities each year, with several 

hundred to nearly one thousand deaths annually in the early 2020s [2]. Many of these crashes 

involve rear-end collisions and occur in the presence of sudden speed reductions and queue 

formation near lane drops and constrained geometries [3]. As metropolitan areas experience 

rising travel demand, many freeway corridors already operate near their effective capacity during 

peak periods. When a work zone is introduced, even modest reductions in available roadway 

capacity can sharply increase the likelihood of breakdown and delay. Prior research has shown 

that work zone capacity is sensitive to lane closure configuration, geometric design, driver 

familiarity, and the distribution of speeds and densities in the approach region [4,5,6]. Under 

these conditions, relatively small disturbances such as merging maneuvers or brief slowdowns 

near a taper can propagate upstream as shockwaves and evolve into sustained queues. Classical 

input-output style queueing models and hybrid macroscopic formulations further demonstrate 

that small differences between arrival and departure rates at bottlenecks can translate into 

significant delays and growing queue lengths at signalized and lane-restricted locations [7,8,9]. 

CV and probe data studies have documented important limitations of traditional fixed 

infrastructure sensing when used to monitor congestion and queues. Evaluations of wide-area 

probe data and loop detector systems have identified issues such as speed bias, incomplete 

spatial coverage, and sensor outages that can obscure the true extent of congestion near 

bottlenecks, including work zones [10–14]. Analyses of commercial probe products such as 

INRIX have highlighted both the opportunities and the challenges associated with using third-

party data streams for real-time performance monitoring and historical trend assessment, 

emphasizing the importance of understanding sampling variability and latency when interpreting 

congestion patterns [14,15,16]. These findings motivate closer integration between CV data and 

agency monitoring systems so that queues can be followed as they form, grow, and dissipate 

along the corridor instead of being inferred only at isolated sensor locations. 
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Historically, the management of work zones has relied on fixed-point sensors and human 

observation, both of which face intrinsic limitations in environments with dynamic boundaries 

and moving bottlenecks. Fixed-sensor infrastructure such as loop detectors and side-fired radar 

units provides detailed measurements of speed, volume, and occupancy at the instrumented 

locations, but their spatial granularity is inherently limited to the specific points where sensors 

are installed. In many freeway systems, detectors are spaced on the order of one half-mile to one 

mile in urban areas, with even wider spacing on rural corridors, which can leave gaps between 

measurement locations [14,17,18]. When work zones are established or adjusted, the active 

disruption area may shift upstream or downstream of existing sensor sites, leading to blind spots 

that reduce situational awareness [17,19]. In addition, detector health is a persistent concern. 

Agency-level studies have reported nontrivial proportions of detector stations with 

communication failures, stuck values, or other malfunctions at any given time, reinforcing the 

need for continuous sensor health monitoring and redundancy in performance measurement 

systems [13,20]. 

Closed-circuit television (CCTV) cameras provide important visual context, particularly when 

staff at traffic management centers (TMCs) actively monitor feeds. However, camera 

effectiveness can degrade under low-visibility conditions such as nighttime operations, fog, 

snow, heavy rain, or glare. Even when video quality is adequate, the utility of CCTV depends on 

sustained human attention, which is difficult to maintain across numerous concurrent work 

zones. Recent advances in computer vision detectors, including architectures related to YOLO, 

have improved the automation of vehicle and object detection, but performance can still be 

sensitive to factors such as distance, scale, and adverse environmental conditions, and most 

existing efforts have not been tailored specifically to the full range of work zone scenarios [21–

24]. As a result, camera-based methods often complement rather than replace other data sources 

for continuous, network-wide monitoring. 

Temporary sensors such as portable radar trailers, temporary loops, and Bluetooth readers offer 

additional flexibility for long-duration projects, yet their deployment requires labor, calibration, 

and ongoing maintenance. These devices must be placed within or near the work zone, which 

introduces exposure to construction activity, power interruptions, and occasional misalignment 

or damage. For short-duration activities such as grinding operations, mobile striping, pothole 

repair, or moving maintenance convoys, the time and effort required to install temporary sensing 

equipment often outweighs the expected benefit, so many such lane closures receive little or no 

direct fixed-sensor coverage [25,26,27]. Prior work on portable and connected work zone 

devices has sought to improve the availability and standardization of work zone data feeds, but 

these systems are not yet universal and still require consistent field deployment and maintenance 

[27–30]. 

Human-based reporting remains an important component of agency workflows but introduces 

variability and potential delay. Field personnel typically report observations intermittently, and 

the onset of slowdowns or queues may not be recognized until conditions become pronounced. 

Communication between field staff and TMCs can also lag during busy periods, and subjective 

judgment can lead to differences in how severity and impact are classified [16,27,31,32]. These 

factors can limit the timeliness and consistency of information available for both real-time 

operations and retrospective evaluations. 
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Taken together, these limitations indicate that traditional fixed and temporary monitoring 

systems alone are often insufficient to provide the continuous, spatially rich, and adaptive 

coverage needed for complex work zone operations. The variability in work zone layouts, the 

presence of recurrent and nonrecurrent congestion, and the sensitivity of driver behavior to 

geometric and control changes all motivate the use of CV data and advanced analytical tools that 

can track traffic states along the roadway with higher resolution than point detectors can offer. 

Recent research has demonstrated the potential of large-scale CV data for real-time traffic 

applications, including queue detection, safety analytics, and work zone performance assessment 

[10,18,23,33,34,35]. These developments provide a foundation for integrated platforms that 

combine CV data with traditional sensors, probe products, and emerging field devices to support 

more robust and proactive work zone management. 

2.2. Emergence and Importance of Connected Vehicle Data 

CV technologies have expanded rapidly in recent years, resulting in greater availability of 

anonymized location, speed, and heading information from passenger vehicles and commercial 

fleets. Automakers and telematics providers now supply continuous probe data streams through 

platforms such as GM OnStar, Ford Safety Insights, Audi Traffic Light Information, and 

commercial aggregators including Wejo and INRIX. These data sources have enabled state 

transportation agencies to incorporate CV information into their traffic monitoring workflows, 

particularly for applications that benefit from wide spatial coverage and high temporal resolution 

[36,37,38]. Although penetration rates vary by region and roadway type, prior studies have 

shown that even moderate CV availability can provide meaningful insight into corridor 

performance and traffic behavior. 

CV telemetry data offer several advantages for work zone monitoring. Unlike fixed detectors that 

capture traffic conditions at a single point, CV probes act as mobile sensors that traverse the 

entire work zone footprint. This allows analysts to observe speed changes, deceleration waves, 

and the onset of congestion along the full work zone length rather than only at detector locations. 

Because each vehicle contributes a time-ordered sequence of GPS observations, CV trajectories 

support analysis of how drivers respond to lane shifts, tapers, and other temporary traffic control 

elements. Prior work has demonstrated that trajectory information can complement traditional 

infrastructure by capturing queue dynamics and bottleneck formation in real-world conditions 

[33,39]. 

Research has shown that CV-based queue detection methods can perform reliably when a 

sufficient number of probes are present, with several studies reporting strong agreement between 

CV-derived queue estimates and those obtained from reference sensors or manual observations 

[33,40]. CV telemetry data are also less sensitive to factors that can degrade camera or detector 

performance, such as nighttime lighting, weather conditions, or temporary equipment failures. 

This robustness makes them particularly useful for monitoring work zones where traditional 

sensors may have limited spatial placement or operational uptime [9,41,42]. 

Overall, the combination of wide-area coverage, continuous sampling, and driver behavior 

insights positions CV telemetry data as a valuable resource for modern work zone performance 
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management. When integrated with cloud-based processing and analytics, CV telemetry data 

support applications such as identifying speed reductions, monitoring queue formation and 

dissipation, estimating travel time and delay, and generating performance measures for agency 

decision-making [15,33,43]. The following sections describe how these data streams are 

processed and how artificial intelligence techniques can further enhance work zone monitoring 

and prediction. 

2.3. Need for Advanced Analytics and AI-Enabled Interpretation 

The availability of CV telemetry has created new opportunities for monitoring work zone 

operations, but the raw data streams alone are not directly suitable for operational decision-

making. CV telemetry data are generated at high frequency and large scale, often producing 

detailed latitude-longitude coordinates, timestamps, speeds, and headings for millions of records 

across a statewide network. These observations must be spatially aligned to roadway networks, 

filtered for noise, and aggregated in ways that preserve the underlying traffic dynamics. CV 

telemetry datasets are also inherently sparse within the traffic stream and exhibit variable 

penetration rates over time and space, which requires analytical procedures that are robust to 

uneven sampling. Extracting meaningful performance measures from such datasets therefore 

requires analytical approaches capable of recognizing patterns that are not readily apparent 

through simple thresholding or point-level speed summaries. As a result, the integration of 

traditional traffic engineering principles with modern analytical and AI-based methods has 

become increasingly important. 

AI-enabled analytics provide a structured way to interpret spatial and temporal patterns within 

CV trajectories. For example, sustained lateral shifts in trajectory paths, reductions in lane-

specific speeds, or localized clusters of deceleration can indicate lane restrictions or active 

merging behavior within a work zone. Prior work has shown that trajectory distributions and 

density patterns can reveal operational conditions such as queue buildup, merging turbulence, 

and disruptions associated with temporary traffic control [33,39]. Unsupervised learning 

approaches, including clustering and segmentation techniques, have been used to group 

trajectories exhibiting similar behaviors, enabling identification of unusual movements near taper 

areas or separation of normal flow patterns from anomalous driving behavior. These analytical 

procedures complement traditional work zone monitoring by providing lane-level and segment-

level behavioral insights that are not available from point detectors alone. 

Queue detection has also benefited from advanced analytical techniques applied to CV telemetry 

data. Traditional queue identification relies heavily on fixed-detector occupancy or aggregated 

speeds, which may not capture short-lived disturbances or localized congestion. In contrast, CV 

trajectories provide continuous measurements of speed, acceleration, and spacing along the 

roadway, enabling more detailed characterization of queue onset, propagation, and dissipation. 

Studies have demonstrated that speed variance, deceleration patterns, and changes in trajectory 

spacing can serve as reliable indicators of queue fronts and stop-and-go conditions [33,40]. Other 

queue length and delay estimation frameworks developed for signalized and unsignalized 

locations show that CV telemetry data can be incorporated into input-output models and hybrid 

estimation techniques to quantify queue dynamics when traditional detectors are unavailable [8]. 
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As transportation agencies expand their use of CV telemetry data, the role of advanced analytics 

and AI-based interpretation is becoming increasingly central. Without such tools, agencies would 

face significant challenges in detecting emerging congestion, identifying lane restrictions, 

estimating queue length and delay, or generating accurate flow and density measures from large-

scale probe datasets. AI-enabled analytics help automate these tasks, reduce manual processing 

burdens, and support timely operational decision-making. This combination of data-driven 

analytical methods and established traffic engineering practices forms the foundation for scalable 

and resilient work zone monitoring systems [15,33,41,43]. 

2.4. Cloud-Native Processing Framework for Statewide Scalability 

Implementing CV analytics at statewide scale requires a processing architecture capable of 

ingesting, filtering, and summarizing large volumes of data with minimal latency. Cloud-native 

platforms offer the computational flexibility and distributed processing capacity necessary to 

support real-time work zone monitoring across large geographic regions. By combining cloud 

services with distributed frameworks such as Apache Spark and Apache Sedona, agencies can 

efficiently perform geospatial filtering, segmentation, and aggregation on CV telemetry datasets 

[45]. 

A key advantage of cloud-native architectures is their elasticity. CV telemetry data volume varies 

substantially across corridors, construction seasons, and times of day, and cloud platforms can 

scale computational resources up or down in response to these fluctuations. During periods of 

elevated traffic or intensive construction activity, clusters can expand to maintain timely updates; 

during low-volume periods, they can scale down to reduce cost. Such dynamic resource 

allocation aligns with best practices recommended in recent cloud-based intelligent 

transportation systems (ITS) and transportation cyberinfrastructure studies that emphasize 

scalable and resilient architectures for big data analytics [13,46]. 

Geospatial processing is one of the most computationally intensive aspects of CV telemetry data 

analysis, particularly when mapping thousands of points to numerous work zone polygons or 

roadway geometries. Apache Sedona supports distributed spatial queries such as point-in-

polygon filtering, trajectory mapping, and distance projection. Work zone boundaries can be 

stored as geometric polygons, and each CV point can be assigned to the appropriate roadway 

segment, enabling fine-grained computation of speed, density, and queue conditions. Prior work 

in large-scale traffic surveillance and sensor health monitoring highlights the importance of 

distributed spatial engines for enabling near-real-time analysis of transportation datasets [42,13]. 

Temporal aggregation also plays an important role in processing CV telemetry data. Many 

agencies rely on five-minute intervals to balance responsiveness with stability in performance 

measures. Aggregating CV points into short time windows supports consistent computation of 

average speeds, penetration rates, and other operational metrics. Studies examining probe data 

aggregation for freeway and arterial performance reporting support these short interval windows 

as appropriate for real-time operational monitoring [47]. 
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Cloud-native designs additionally provide fault tolerance and operational robustness. 

Distributing processing tasks across multiple nodes mitigates the effects of individual node 

failures, and cloud storage services offer redundancy and high availability. This ensures 

consistent access to CV telemetry data streams, which is particularly important during active 

construction, when congestion and queue formation may change rapidly. 

Integrating CV telemetry data with cloud-native architectures provides agencies with a scalable 

and flexible foundation for monitoring work zones statewide. New or modified work zones can 

be incorporated simply by updating geometric boundaries, enabling rapid deployment without 

field hardware. These capabilities build on prior work in transportation cyberinfrastructure and 

statewide work zone databases that emphasize standardized, scalable data integration 

frameworks [46,48]. 

2.5. Importance of Real-Time Performance Metrics for Work Zone Operations 

Real-time performance metrics are essential for effective work zone management because they 

provide timely insight into developing congestion, mobility impacts, and potential safety 

concerns. Without real-time visibility, agencies must rely on delayed or reactive information 

sources such as crash notifications, motorist complaints, or intermittent field observations. This 

limits their ability to adjust traffic control strategies, communicate delays to travelers, or mitigate 

emerging queues before they affect upstream interchanges. 

Key performance measures include queue length, queue duration, speed distributions, and 

vehicle delay. Queue length indicates how far congestion extends upstream of the work zone and 

whether it threatens nearby access points. Queue duration reflects the persistence of bottlenecks. 

Speed distributions reveal turbulence, instability, and driver behavior changes in response to lane 

reductions. Delay quantifies the additional travel time imposed on users and is widely used in 

performance-based evaluation frameworks. Classical input-output approaches and model-based 

estimation methods, originally developed for signalized intersections, provide a useful 

foundation for estimating queue length and delay and have been adapted for CV-based analyses 

[7,8,9]. 

Recent studies have shown that CV telemetry data can be used to estimate these performance 

metrics with reasonable accuracy. Trajectory data provide detailed information on speed 

reductions, stop-go patterns, and the spatial extent of congestion. Several empirical evaluations 

have demonstrated strong agreement between CV-derived queue measures and ground truth or 

sensor-based observations when sufficient probe data are available [10,15]. CV trajectories have 

also been used to analyze speed variability and driving behavior inside temporary lane 

reductions, offering insights into operational conditions and potential safety risks [49]. 

Real-time performance metrics also support automated warning systems. When speed drops or 

queue formation is detected upstream of a work zone, agencies can activate DMS to warn drivers 

of sudden slowdowns. Studies evaluating these systems have reported reductions in congestion-

related safety risks when warnings are triggered based on real-time traffic information [42,50]. 
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Integrating probe and CV telemetry data into these systems improves the timeliness and 

reliability of activation logic. 

More broadly, standardized and consistent real-time metrics across all active work zones enable 

state DOTs to evaluate contractor compliance, adjust work hours, optimize staging decisions, 

and allocate operations resources effectively. As agencies increasingly adopt performance-based 

management practices, reliable real-time indicators derived from CV telemetry data become 

critical for both day-to-day operations and long-term planning [31,47,48]. 

2.6. Integrating AI-Driven Analytics Into Agency Workflows 

The usefulness of an advanced work zone monitoring system depends not only on the quality of 

its data and analytics but also on how effectively the resulting information integrates with 

existing agency workflows. Transportation agencies operate within established operational 

structures that include TMCs, maintenance of traffic (MOT) plans, DMS systems, 511 traveler 

information platforms, and communication channels with field personnel and contractors. For 

AI-driven CV analytics to be operationally impactful, they must be delivered in formats that 

align with these workflows and support decision-making without introducing additional 

complexity. 

Visual dashboards play a central role in translating large volumes of CV trajectories into insights 

that operators can interpret quickly. Time-space diagrams, speed profiles, queue visualizations, 

and geospatial heatmaps allow staff to recognize developing congestion patterns and operational 

changes at a glance. Prior work in traffic operations visualization shows that trajectory- and 

density-based displays derived from probe and CV telemetry data can improve operators’ ability 

to detect speed drops, instability, and variability compared with traditional point-sensor displays. 

Within work zones, these visualizations help operators understand how traffic responds to lane 

reductions, taper layouts, and construction staging. Experiences from statewide probe-data 

platforms and traffic operations open data services further demonstrate that such visual tools can 

support both real-time decision-making and post-event reviews across multiple agency units 

[46,47]. 

AI-enabled analytics can also assist in automating routine operational tasks. Queue detection 

algorithms, for example, can generate alerts when speeds fall below expected thresholds or when 

spatial patterns suggest that congestion is forming. These alerts may be incorporated into DMS 

workflows through the forwarding of recommended messages to operators for review. Studies on 

automated DMS activation and probe-based surveillance systems indicate that integrating real-

time CV indicators into operational workflows can improve timeliness and consistency in 

messaging [42]. Such automation does not replace operator judgment, but it provides a structured 

decision support layer that reduces manual monitoring workloads. 

AI analytics may also support verification of MOT plans. Work zones frequently undergo 

changes due to staging adjustments or temporary field conditions, causing deviations between 

planned and actual lane configurations. Trajectory-based analytical methods can help identify 

patterns that reflect lane closures or shifts in lane availability. When discrepancies are detected, 
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such systems can notify operators or inspectors, providing an additional layer of quality 

assurance. Similar approaches have been explored in the broader context of probe data–based 

traffic surveillance and operational validation [42]. 

Nighttime operations represent another workflow area where CV analytics add value. Lighting 

and visibility limitations often reduce the effectiveness of traditional field-based monitoring 

tools, whereas CV telemetry data provide consistent information regardless of light conditions. 

Research examining day-night differences in driving behavior has noted greater variability in 

nighttime speeds and lateral positioning. Incorporating these insights into agency workflows can 

help inform targeted nighttime strategies such as enhanced lighting or modified MOT layouts. 

Overall, integrating AI-driven analytics into agency workflows supports a transition from 

reactive to proactive operations. Rather than responding only after congestion or incidents occur, 

agencies can act when early indicators suggest developing instability. This shift highlights the 

importance of delivering analytics not as isolated metrics but as actionable intelligence 

embedded within daily operational practices [33,42,47,48]. 

2.7. Statewide Scalability and Operational Feasibility 

A major advantage of CV analytics is their ability to scale across an entire roadway network 

without requiring extensive new infrastructure. This scalability improves the feasibility of 

comprehensive work zone monitoring by enabling agencies to assess both long-duration projects 

and short-duration or mobile operations that have traditionally lacked monitoring coverage. 

The cloud-native processing framework described earlier allows large volumes of CV telemetry 

data to be ingested and analyzed for many active work zones simultaneously. Because CV 

telemetry spans nearly all freeway segments, monitoring a new work zone typically requires only 

adding its polygon boundary to the system’s configuration, eliminating the need for field 

hardware deployment. This capability allows agencies to observe planned and unplanned lane 

closures with minimal lead time. 

Statewide scalability also promotes consistency in performance measurement. When all work 

zones are evaluated using the same CV-based metrics, such as queue length, delay, and speed 

degradation, agencies can compare performance across regions, contractors, and work zone 

types. Guidance published by the Transportation Research Board (TRB) on performance-based 

work zone management emphasizes the value of standardized, repeatable metrics for supporting 

equitable evaluation and planning [31]. Prior research on probe and CV telemetry data reliability 

further supports the feasibility of generating consistent performance indicators on a wide-area 

basis [10,12,34]. Short-duration mobile work zones, such as pavement operations or striping 

activities, particularly benefit from CV monitoring. Traditional fixed detectors cannot track the 

moving bottleneck associated with mobile operations, but CV trajectories naturally capture these 

movements. 
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Studies examining probe-based speed patterns have demonstrated that CV telemetry data can 

reveal the temporal and spatial footprint of mobile operations, allowing agencies to infer the 

evolving location of the work activity [42,48]. These findings suggest broad potential for CV-

based monitoring of operations that have historically fallen outside the scope of traditional 

instrumentation. 

Another dimension of statewide feasibility relates to cost-effectiveness. Fixed roadside detectors 

require installation, maintenance, and periodic recalibration, whereas CV analytics leverage data 

generated by vehicles already in the traffic stream. Several agencies have reported that CV-based 

monitoring reduces the need for additional field hardware and lowers long-term maintenance 

burdens [51]. Complementary studies examining commercial probe and crowdsourced data 

products highlight their usefulness and limitations, reinforcing the value of combining multiple 

wide-area datasets with CV telemetry [11,12,52]. 

As CV penetration continues to increase, the reliability and resolution of statewide analytics will 

improve organically. The expansion of automaker data partnerships and greater adoption of 

telematics systems are expected to increase sample sizes over time, enhancing the long-term 

utility of CV-based performance monitoring. These trends strengthen the operational feasibility 

of systems that rely on CV telemetry data for real-time insights [33,39,47]. 

In summary, statewide scalability is a defining strength of CV analytics. By enabling broad 

monitoring coverage, standardized metrics, and compatibility with mobile and short-duration 

operations, CV telemetry data provide a foundation for transforming work zone management 

into a proactive, data-driven statewide practice [33,46,47,48]. 

2.8. Enhancing Safety Through Proactive Detection and Response 

Improving work zone safety remains a central priority for transportation agencies, as work zones 

introduce abrupt changes in roadway geometry and traffic flow that increase the likelihood of 

sudden braking, rapid lane changes, and speed differentials. Rear-end collisions make up a 

substantial portion of work zone crashes, particularly in transition areas such as tapers and merge 

points, where driver expectations differ from free-flow conditions. Proactive detection of 

emerging congestion and queue formation is therefore essential for reducing crash risk and 

improving overall safety. 

CV data support safety improvements by providing early indications of traffic instability. When 

speeds begin to decline upstream of a work zone, CV trajectories capture these changes 

immediately, offering earlier visibility than many fixed detectors. Prior work has demonstrated 

that CV-based metrics can identify the onset of congestion, speed reductions, and stop-and-go 

traffic patterns that signal increased safety risk [33]. These early indicators can support 

operational decisions such as activating warning messages or deploying enforcement resources. 

In addition to detecting queues, CV telemetry data reveal traffic turbulence characterized by high 

speed variance, repeated acceleration and deceleration, and irregular lane changing behavior. 
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These patterns may indicate elevated crash potential even when full congestion has not 

developed. Work on safety surrogate measures in work zones has shown that trajectory data can 

provide information about conflict risk, especially where DMS and temporary traffic control 

devices influence driver behavior [53]. Similarly, analyses of driver behavior at the back of the 

queue have highlighted how CV trajectories capture interactions between approaching vehicles 

and slowing traffic, supporting improved design and placement of queue warning systems [33]. 

Real-time traffic state analysis also contributes to safety management. Elevated density levels 

within constrained work zone segments often signal unstable flow conditions that increase 

susceptibility to shockwaves and abrupt speed drops. Studies using CV telemetry data for 

monitoring turbulence and acceleration events have shown that CV-derived deceleration patterns 

can serve as practical indicators of emerging safety concerns [39]. Related research that 

integrates CV speeds with incident or harsh braking data provides further evidence that 

trajectory-based metrics can support safety assessments across a range of operating conditions 

[54]. 

Nighttime operations represent another domain where CV telemetry data enhance safety. Crash 

rates in work zones are often higher at night due to reduced visibility, yet many traditional 

sensors provide limited information during nighttime hours. CV telemetry data, unaffected by 

lighting conditions, offer consistent insight into speed patterns, lane positioning, and merging 

behavior, although, depending on the penetration rates, this might only be useful for work zones 

with high volumes during nighttime. Prior analyses have documented meaningful differences 

between daytime and nighttime driving behavior, including increased speed variability and 

different merging dynamics. These insights can inform nighttime strategies such as enhanced 

lighting, reflectorized channelization, or modified closure layouts. Additional work has shown 

that CV-based speed patterns can support safety decisions during winter operations, which often 

overlap with work zone activity [41]. 

Taken together, the early detection capabilities and behavioral insights provided by CV telemetry 

data enable agencies to adopt a more proactive approach to work zone safety. Rather than 

responding only after crashes occur, agencies can identify developing risk, implement 

countermeasures early, and continuously evaluate the impact of interventions [33,39,41,53,55]. 

2.9. Supporting Performance-Based Work Zone Management 

The shift toward performance-based work zone management represents an important evolution 

in transportation operations, emphasizing measurable outcomes over prescriptive requirements. 

Agencies increasingly rely on objective performance indicators to evaluate the effectiveness of 

lane closures, construction staging, and contractor compliance. This approach aligns with 

national guidance encouraging data-driven evaluation of mobility and safety impacts across 

active work zones [31]. CV data provide a strong foundation for these frameworks because they 

offer consistent, repeatable metrics that can be applied across diverse work zone types and 

locations. 
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Metrics such as queue length, delay, speed degradation, and turbulence allow agencies to 

compare work zone performance across corridors, contractor teams, and time periods. These 

comparisons support identification of recurring bottlenecks, opportunities to refine traffic control 

plans, and potential adjustments to staging schedules. CV-based performance evaluation builds 

on earlier work using model-based queue and delay estimation methods, which emphasize 

systematic indicators for operational assessment [7,8,9]. CV telemetry data extend these 

principles to freeway and high-speed environments by providing continuous, corridor-wide 

coverage. 

Post-operation analysis is another essential component of performance-based work zone 

management. After a project concludes, agencies can review historical CV-derived metrics to 

assess overall operational performance. Such retrospective evaluations help determine whether 

closure durations were appropriate, whether taper lengths were effective, and whether the 

implemented MOT plans resulted in avoidable congestion. TRB guidance highlights the value of 

these reviews for improving future project planning and strengthening predictive modeling 

frameworks [31]. Large-scale evaluations of CV and probe data reliability and congestion 

detection accuracy provide additional context for interpreting performance metrics in statewide 

applications [10,12,34]. 

Performance-based management also supports improved communication and transparency. 

Agencies can publish objective summaries derived from CV telemetry data to inform 

stakeholders and the public about mobility and safety conditions during construction. These 

summaries help build trust, justify operational decisions, and support evaluation of alternative 

traffic control strategies. As agencies continue to adopt standardized performance indicators, CV 

telemetry data are expected to play an increasingly central role, especially when integrated with 

research-grade work zone databases and open data platforms that consolidate performance 

information [46,47,48]. 

2.10. Vision for Future Expansion and Integration 

The AI-powered CV analytics platform presented in this report establishes a foundation for 

continued expansion as CV penetration increases and analytical methods evolve. Advancements 

in machine learning and the growing availability of high-resolution trajectory data offer 

opportunities to enhance predictive capabilities, integrate additional data sources, and support 

more automated operational workflows. 

One promising direction for future development is real-time incident detection modeling. While 

the current system focuses primarily on real-time detection, machine learning models such as 

recurrent neural networks and temporal graph-based methods have shown potential for 

forecasting near-term traffic conditions on freeways and arterials [56]. Applying these 

approaches to work zones could allow agencies to anticipate queue formation or speed 

degradation and proactively adjust lane closure timing or staging strategies. 

Another opportunity is deeper integration with incident detection frameworks. Sudden localized 

speed reductions or irregular lateral movements in CV trajectories may indicate crashes or other 

disruptions. Work on real-time crash detection and harsh braking analysis using CV telemetry 
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data demonstrates the feasibility of identifying such events through trajectory features and 

acceleration patterns [39,55]. Incorporating these capabilities into work zone monitoring would 

create a unified analytic environment in which both mobility- and safety-related anomalies are 

identified. 

Automated verification of work zone configurations also represents a potential enhancement. 

MOT plans specify expected lane closures and taper locations; however, field conditions may 

deviate from planned layouts. Trajectory-based analytics could be used to detect changes in lane 

availability or merging behavior that signal differences between planned and actual conditions. 

These concepts align with broader research on probe-based operational monitoring and spatial 

consistency verification in traffic surveillance systems [42]. 

Integration with traveler information systems is another area for expansion. Real-time metrics 

such as delay, travel time, and queue length could be incorporated into 511 systems, navigation 

applications, and advanced traveler information signage. Prior work on open data services and 

probe-based performance reporting platforms demonstrates the feasibility of disseminating such 

metrics through public APIs and operator dashboards [47,46]. 

Future systems may also incorporate multimodal data fusion. Combining CV telemetry data with 

probe truck telematics, crowdsourced incident reports, Bluetooth tracking, or machine vision 

outputs could improve the completeness and reliability of monitoring. Existing evaluations of 

wide-area probe datasets and incident reporting platforms provide guidance on how multiple data 

sources may be compared or fused to enhance situational awareness [10,52,15,12]. 

Ultimately, the long-term vision is a fully integrated, AI-enabled work zone monitoring 

ecosystem that supports predictive analytics, multimodal data fusion, automated verification, and 

the seamless dissemination of information to both operators and road users. The CV platform 

described in this chapter provides a scalable and robust foundation for realizing this vision [33, 

47,42,46,48]. 

2.11. Chapter Summary 

This chapter provided a comprehensive overview of the motivation, challenges, and analytical 

opportunities associated with AI-powered CV data for work zone management. The discussion 

began by highlighting the increasing prevalence of work zones nationwide and the associated 

operational and safety challenges, including sudden speed changes, merging friction, and 

dynamic bottlenecks. Traditional monitoring tools such as fixed detectors, CCTV cameras, 

portable sensors, and field observations were shown to have limitations in capturing the full 

spatial and temporal variability of work zone conditions [17,20,21,25]. 

CV telemetry data have emerged as a powerful complement to traditional sensing technologies, 

offering continuous, segment-wide visibility into driver behavior and traffic dynamics. With CV 

penetration increasing in recent years, these data now support real-time monitoring of speed, 

queue formation, density, and turbulence across large roadway networks [36,37,38]. The chapter 

described how AI-driven analytics transform raw CV records into actionable performance 

metrics, drawing on techniques for identifying lane closures, queues, and speed variations, as 
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well as model-based estimation frameworks for computing queue length and delay 

[7,8,9,4,5,50,53,33,34]. 

Cloud-native processing architectures were shown to enable statewide scalability by supporting 

distributed geospatial filtering, segmentation, and temporal aggregation of millions of CV points 

in near real-time [45,57,47,13,46,48]. The chapter also emphasized the importance of real-time 

performance metrics for agency decision-making and their integration into emerging 

performance-based management frameworks [58,49,26,31]. 

Subsequent sections described how AI-enabled dashboards, automated alerts, and MOT 

verification tools fit within existing agency workflows, improving situational awareness and 

operational efficiency [50,53,42]. Finally, the chapter highlighted opportunities for future 

expansion, including predictive modeling, multimodal data integration, incident detection, and 

expanded dissemination of work zone performance metrics [56,47,39,55,46,48]. 

Together, these elements establish the foundation for the chapters that follow, which detail the 

system architecture, performance metric computation, performance estimation methodologies, 

and the integrated dashboard that supports statewide work zone monitoring. 
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CHAPTER 3. REAL-TIME INCIDENT DETECTION 

3.1. Introduction 

Highway work zones have become increasingly complex operational environments as agencies 

respond to aging infrastructure, increased freight volumes, and rising traffic demand. Temporary 

lane closures, lane shifts, shoulder restrictions, and reduced speed zones change roadway 

geometry and operating conditions, which influences driver behavior and traffic stability. Studies 

have shown that drivers approaching work zones often encounter turbulence in the traffic stream, 

irregular deceleration, frequent lane changes near tapers, and sudden queue formation during 

peak periods [27,60,61]. When demand exceeds the reduced work zone capacity, queues can 

develop upstream of the taper and create safety concerns for drivers, who face abrupt speed 

drops. 

Queue buildup near work zones is one of the most important operational hazards. Free-flowing 

vehicles can encounter slow-moving or stopped queues with very large speed differences, which 

leaves limited time for reaction and increases the risk of rear-end and secondary crashes [2,3,62]. 

Many work zone crashes have been reported in the queue tail or transition zone just upstream of 

the lane closure, and these are often severe because of the speed reduction involved [2,3]. Safety 

risks are higher at night or during adverse weather when visibility is reduced and drivers depend 

more on upstream warnings [62]. 

Traditional queue monitoring has relied on point detectors such as inductive loops, radar trailers, 

microwave sensors, and portable units. These devices provide useful information but are limited 

by their fixed locations, hardware failures, and difficulty matching detector positions to the true 

queue boundaries. Performance declines when detector spacing is large or when queues form 

outside the monitored region [63,64]. Deployment, power, calibration, and maintenance needs 

also limit the number of locations that can be monitored. 

The growing availability of CV telemetry provides a more flexible and scalable alternative. CV 

data contain frequent GPS locations, speeds, headings, timestamps, and trajectories that describe 

natural vehicle movement along a given corridor. Because probe vehicles travel through the full 

spatial extent of the network, they reveal where queues form, how far they extend, how long they 

last, and how they dissipate. Studies have shown that probe speeds can approximate traffic state 

indicators and detect queues with performance comparable to or better than many fixed-detector 

systems when penetration is sufficient [65,23,66,18]. Probe data offer broad spatial coverage 

without field hardware. 

This chapter describes a cloud-native real-time system that uses CV telemetry to monitor average 

speeds, detect queues, generate standardized queue warnings, and produce detailed trajectory 

plots around work zones. The system continuously ingests CV data, aggregates them using 

distributed computing tools, identifies slow-moving conditions that indicate queues, and 

publishes alerts in both JSON and TMDD-compliant XML formats for use by TMCs. An AWS 

EC2-based pipeline produces high-resolution trajectory plots that provide insight into merging 

behavior, turbulence, and queue formation near work zones [60,67]. Together, these components 

support statewide short-term planning and operations. 
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3.2. Data Inputs and Processing Requirements 

The real-time system relies on CV telemetry as its primary input. The live CSV feed contains 

spatial coordinates (latitude, longitude, and centroid), sensor identifiers, timestamps, and 

operational variables such as speed, direction, vehicle presence, and occupancy-style values 

derived from upstream telematics platforms. Files arrive continuously in Amazon S3 and are 

partitioned by date for traceability and efficient retrieval. 

A monitoring function scans recent S3 objects using metadata queries and identifies new arrivals 

based on their modification time. This design separates upstream data delivery from downstream 

processing and allows the pipeline to tolerate variability in arrival patterns. Detected files are 

loaded into Apache Spark as DataFrames, which support vectorized transformations and 

grouping. Early preprocessing includes converting capture times into a standardized timestamp 

format so that records are interpreted consistently across time zones. 

Spatial preprocessing uses Apache Sedona to convert latitude and longitude into geometric point 

objects and to run point in polygon tests. This step keeps only those vehicle points that lie within 

work zone polygons or near monitored sensor locations, which reduces computational load while 

preserving relevant observations. A simple presence and occupancy-style metric is computed, 

with occupancy set to five when vehicles are present and zero otherwise, creating a binary 

indicator for sensor activity. 

Speeds are discretized into three operational categories: severe slowdown (less than 25 mph), 

transitional flow (25 to 45 mph), and near free-flow (greater than 45 mph). This categorization 

reduces random variation and makes traffic states easier to interpret. Route and centroid 

metadata are retained and passed to downstream alert generation so that each message can be 

clearly linked to a roadway segment. 

3.3. Live Speed Conditions within Active Work Zones 

This section describes how the system converts CV data into live speed metrics around work 

zones and exposes them through JSON-based alerts. 

3.3.1. Aggregation Logic 

Within AWS Glue, the aggregation logic transforms raw CV points into structured metrics that 

represent the operational state at each monitored location. CV penetration varies by region and 

time of day, so observations are grouped into fixed five-minute intervals to obtain stable 

estimates. 

For each interval, Spark groups records by sensor identifier and computes earliest and latest 

timestamps, capture duration, average speed, and total vehicle count. When average speeds fall 

below a low-speed threshold or when a large share of observations fall into the slowest speed 

category, the location is classified as operating under queued or near-queued conditions. The 
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binary presence metric provides additional context on sustained vehicle activity in the 

observation window. 

Speed thresholds alone do not capture every queue scenario, but they remain widely used 

because they are simple and easy to implement [63]. Probe-based speed studies have shown that 

low-speed threshold methods can detect queues reliably when CV penetration is adequate [66]. 

For work zones with reduced capacity, speed-based thresholds provide a practical indicator of 

congestion onset. 

The architecture also supports spatial refinement using Sedona so that queue classifications can 

be limited to activity that occurs within or near active construction areas. Aligning speed drops 

with work zone geometry helps reduce false positives and improves the operational value of the 

alerts. 

3.3.2. Generation of JSON-Based Queue Alerts 

After aggregation, the system generates structured JSON alerts that summarize conditions at 

each sensor. Alerts consist of two primary objects: an inventory object and a data object. The 

inventory object includes sensor identifier, route, centroid coordinates, and sensor name, so that 

downstream systems can map the alert to a specific location. The data object reports average 

speed, presence indicator, vehicle count, and timestamps in both Coordinated Universal Time 

and Central Standard Time, which supports integration with a range of logging and scheduling 

systems. 

Alerts are written to S3 in two locations. A short-term staging path triggers downstream 

dissemination, while a long-term archive retains alerts for auditing, performance evaluation, and 

reporting. A consistent file naming convention (for example, detector YYYYMMDD

HHMMSS.json) supports systematic tracking and troubleshooting. 

Real-time traffic research emphasizes the value of structured, machine-readable messages that 

can be automatically parsed and integrated into situational awareness platforms [68]. JSON 

provides a lightweight, widely supported format and can be queried at scale using tools such as 

AWS Athena, which makes it suitable for both operations and retrospective analysis. 

3.4. Queue Detection and Upstream Warning Generation 

The main objective of the system is to detect developing queues near work zones and provide 

early warnings to upstream drivers through DMS and other traffic management systems. 

Aggregated speed- and presence-based measures derived from CV data act as primary queue 

indicators. When conditions meet specified thresholds, the system issues alerts that can be 

transformed into TMDD-compliant XML and pushed to external systems. 

The overall architecture is built on the AWS ecosystem and follows common cloud-native design 

practices (Figure 3.1). Connected vehicle CSV files arrive in S3, a monitoring script identifies 
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recent files on a short refresh cycle, and an AWS Glue job processes them in distributed fashion. 

Apache Sedona performs spatial filtering to focus on relevant work zones, and JSON alerts are 

written to S3 for real-time and archival use. Prior work on cloud-based traffic systems has shown 

that distributed frameworks such as Spark can process streaming probe data at scale and support 

real-time applications [69]. 

 

Figure 3.1. Cloud-based CV data processing pipeline illustrating AWS Glue aggregation, 

Amazon S3 storage, AWS Lambda-based alert generation, and integration with external 

REST APIs 

Operationally, the system uses a 30-second refresh cycle, which is consistent with typical update 

intervals used in many real-time lane closure and congestion monitoring systems [18]. End-to-

end latency from vehicle passage to alert availability is kept low through frequent S3 checks, 

distributed Spark processing, and immediate Lambda execution. Spark and Glue support 

horizontal scaling as CV penetration grows, in line with broader guidance on scalable cloud-

based transportation architectures [69,70]. TMDD-compliant XML formatting ensures 

interoperability with existing active traffic management system (ATMS) and DMS 

infrastructures and aligns with established data exchange standards [30,71]. The architecture is 

also extensible; additional analytics and visualizations can be connected using Amazon Athena, 

QuickSight, or Redshift [72], and the logic can be migrated to EC2 or hybrid infrastructures for 

cost and performance optimization [73]. 

3.4.1. XML Transformation and API-Based Dissemination 

The final alert dissemination stage converts JSON alerts into TMDD-compliant XML and sends 

them to an external REST API endpoint. An AWS Lambda function is invoked whenever a new 

JSON alert appears in the staging path. 

Lambda loads the JSON, extracts the inventory and data fields, and maps them into the 

hierarchical structure specified by the TMDD. TMDD is widely used for representing detector 

data, incident records, and DMS-related information in agency systems [30]. Constructed XML 

messages include station metadata, timestamps, average speeds, and presence or occupancy 

indicators. 

After the XML document is assembled, Lambda sends an HTTP POST request to the endpoint at 

reactorfeeds.org. The endpoint validates the message and integrates it into downstream 
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workflows such as DMS updates or ATMS dashboards. Lambda includes appropriate content-

type headers and basic error handling for failed requests. 

Studies on data interoperability in traffic management highlight TMDD as a robust standard for 

interagency data exchange [74]. Using TMDD-compliant XML allows queue alerts to be 

incorporated into existing systems with minimal custom integration work. 

3.4.2. File Retention, Cleanup, and Reliability Measures 

To maintain performance and data quality, the system includes automated file retention and 

cleanup functions. A module in the Spark and Glue environment periodically scans JSON and 

Parquet directories and removes files older than a configured 10-minute retention window. This 

sliding window approach reflects common practice in real-time ITS pipelines, where stale data 

can misrepresent rapidly changing conditions, especially near congested work zones [75]. 

Limiting directory size also improves metadata listing performance in object storage. Studies of 

cloud storage behavior have shown that very large directory structures can increase listing times 

when directories are scanned often [76]. Regular cleanup reduces this risk and helps maintain 

low latency for the queue warning pipeline. 

Reliability is enhanced through redundant JSON storage paths: one for real-time dissemination 

and one for long-term archiving. If a staging alert fails to be processed, the archived copy can be 

used for diagnostics. The stateless nature of Lambda and the retry options for Glue jobs further 

support resilience during fluctuating loads. These design choices are consistent with guidance on 

fault tolerance and elastic scaling for cloud-based transportation analytics [70]. 

3.5. Vehicle Trajectory Analysis for Operational Monitoring 

Aggregated speed and queue alerts provide concise indicators of traffic state, but detailed 

trajectory analysis offers deeper insight into how congestion develops and dissipates around 

work zones. This section summarizes the EC2-based pipeline that generates trajectory plots and 

explains how these plots support operational monitoring and real-time incident detection. 

3.5.1. EC2-Based Trajectory Processing Pipeline 

A dedicated analytic pipeline on Amazon EC2 generates high-resolution trajectory plots in near 

real-time (Figure 3.2). This pipeline runs in parallel with the Glue-based aggregation process. It 

reads the same CV files from S3, but instead of aggregating data, it focuses on individual vehicle 

traces. 
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Figure 3.2. Real-time incident detection pipeline illustrating data ingestion, 

segmentation, metric computation, and key performance indicator (KPI) fusion for 

real-time work zone monitoring 

The pipeline uses Apache Sedona or Shapely to intersect vehicle points with work zone polygons 

stored in S3, extracting only trajectories that pass through the active work zone. Localized 

filtering around bottleneck areas can provide clear insight into queue onset and merging 

turbulence [86]. Filtered points are then ordered by journey identifier and timestamp to 

reconstruct continuous trajectories. GPS coordinates are converted into distance along route or 

segment indices, which is a common step in trajectory-based congestion studies [87]. Python 

libraries such as Matplotlib or Plotly are used to build time-space diagrams, with time on the x 

axis and distance or segment index on the y axis. Speed is encoded as a color gradient, which 

highlights slow-moving or stopped vehicles. The pipeline saves PNG images and optional 

summary statistics (such as minimum speeds, vehicles per segment, and distance to taper) back 

to S3, making them available for dashboards and offline analysis. 

Trajectory visualization has been widely applied in traffic flow research to analyze breakdown 

locations, capacity drops, and turbulence [64,79]. 

3.5.2. Trajectory Plots Around Work Zones 

Trajectory plots provide an intuitive picture of queue formation and dissipation. Each vehicle 

appears as a slanted line in time space, and the slope reflects its speed. Dense clusters of nearly 

horizontal lines indicate very low speeds or stopped vehicles, which shows the presence of 

queues and shockwaves [80]. As vehicles decelerate while approaching the taper, trajectories 

flatten; when merging occurs, the shape and spacing of trajectories change, revealing turbulence 

near the lane drop. Deceleration waves appear as changes in slope across many vehicles and 

propagate upstream at characteristic velocities described in traffic flow literature [81]. 
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By examining these plots, operators can study how different work zone configurations influence 

traffic stability. Short tapers may result in abrupt merges and visible turbulence, while longer 

tapers may lead to smoother merging. Recovery patterns after a queue forms appear as 

trajectories gradually steepening as vehicles return to higher speeds. Persistent instability 

downstream of a bottleneck, reflected in irregular acceleration patterns, has been linked to 

elevated crash risk [61]. 

Trajectory plots also help distinguish demand-driven congestion, which forms and dissipates 

quickly, from geometry-driven congestion caused by lane reductions or restrictive tapers, which 

tends to produce more persistent low-speed bands. EC2-generated plots provide visual validation 

of aggregated speed metrics and queue alerts, allowing operators to confirm slow traffic, 

investigate underlying causes, and check whether TMDD-based queue warnings reflect observed 

conditions. 

3.6. Conclusion 

This chapter presented a cloud-native system for monitoring average speeds, detecting queues, 

issuing real-time queue warnings, and generating detailed trajectory plots around highway work 

zones using CV telemetry. Continuous ingestion through Amazon S3, distributed processing 

with AWS Glue and Spark, spatial filtering using Sedona, and standardized dissemination via 

JSON and TMDD-compliant XML together provide a scalable, interoperable, and low-latency 

platform. 

Queue detection in the system is based on aggregated speed and presence-style metrics computed 

over short time windows. Prior work has shown that such metrics are practical indicators of 

congestion onset when probe penetration rates are sufficient [63,66]. Real-time JSON and XML 

outputs provide information that can support DMS and other ATMS components, which in turn 

can help reduce the likelihood of secondary crashes. Automated retention and reliability 

mechanisms support continuous operation under changing loads [75,76,70]. 

The EC2-based trajectory pipeline adds a complementary layer of detail, capturing shockwaves, 

merging behavior, and queue dynamics around work zones. These plots help agencies understand 

the mechanisms of congestion, assess temporary traffic control plans, and plan improvements for 

future work zones [77,78,64,79,80,81,61]. 

As CV penetration increases and agencies expand their cloud-based ITS deployments, systems of 

this type are likely to play an important role in improving work zone safety and mobility. Future 

work may incorporate predictive queue models, automatic work zone boundary detection, and 

integration with camera-based analytics to support multimodal situational awareness, building on 

the foundation established by this CV-driven platform.  
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CHAPTER 4. DAILY OPERATIONS AND MANAGEMENT 

4.1. Introduction 

Monitoring work zone performance has become increasingly important as roadway conditions 

grow more dynamic and traffic volumes continue to rise. Temporary work zones modify the 

roadway cross section, reduce capacity, and require drivers to merge or shift laterally, which 

introduces turbulence in the traffic stream and increases crash risk, particularly during peak 

demand. FHWA guidance on work zone performance measurement emphasizes that agencies 

should track mobility and safety impacts in real-time and move toward performance-based 

management of lane closures and construction activities [14,82]. 

Traditional monitoring tools such as fixed loop detectors, radar trailers, and portable cameras 

provide valuable information, but they rarely align perfectly with work zone extents and often 

lack complete temporal coverage. Sensors are usually installed at a limited set of locations, 

which means that queues may extend beyond the instrumented area and that short-duration 

disruptions may be missed. Many state departments of transportation (DOTs) do not have dense 

freeway detector coverage, especially on rural or lower-volume corridors, which limits their 

ability to monitor work zones consistently across the network [16]. 

CV data, when combined with cloud computing tools, provide an alternative for continuous 

performance monitoring. Crowdsourced vehicle trajectories and segment speeds have been 

shown to capture congestion onset and recovery with a latency comparable to that of some fixed 

sensors, particularly for detecting queue formation near work zones when penetration rates are 

sufficient [14,83]. Because CVs report speeds and locations along the entire corridor, they allow 

agencies to observe traffic behavior along the work zone rather than only at discrete detector 

points. 

The performance monitoring system described in this chapter processes CV data every five 

minutes and converts them into a suite of metrics that describe current operating conditions 

within each predefined work zone polygon. These metrics quantify how traffic is moving, where 

congestion is forming, how long queues persist within each time slice, and how much additional 

delay is imposed relative to nominal speeds. The chapter explains what each metric represents, 

why it matters from an operations perspective, and how it is derived from CV telemetry. It also 

documents the preprocessing steps, spatial segmentation framework, and logic used to identify 

queues, calculate delays, and aggregate results over rolling 30-minute windows. 

By the end of the chapter, the reader will understand both the practical relevance of each metric 

and the analytical pipeline that generates it. The chapter also demonstrates the metrics using 

several example work zones, where speed segment heatmaps, speed-time scatterplots, and queue 

length time series have been generated from Iowa CV data. This builds on prior research that 

evaluated work zone conditions using probe-based datasets [14,83,82]. 
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4.2. Background and Importance of Work Zone Performance Metrics 

4.2.1. Role of Performance Measures in Work Zone Management 

Performance measures translate raw data into indicators that support operations. FHWA 

distinguishes between measures that describe mobility, such as travel time, queue length, and 

delay, and measures that describe safety, such as crash frequency, speed variability, or exposure 

to stop-and-go traffic [82]. For work zones, these two dimensions are closely related. A lane 

closure that causes long queues can also increase crash risk, while an effective configuration 

maintains acceptable mobility and improves conditions for workers and drivers. National scans 

have documented how agencies use real-time and archived indicators to manage construction 

activities and evaluate work zone plans [16]. Many indicators focus on queues because 

unexpected stopped or slow traffic at work zone approaches has been linked with rear-end 

crashes. FHWA guidance recommends that agencies monitor queue length, maximum queue, 

queue duration, and user delay as core measures for freeway work zones [14,82]. 

Historically, these measures were often estimated from point detectors using shockwave methods 

and speed thresholds or by manual field observations. While useful in some locations, these 

approaches are difficult to scale and are sensitive to detector placement and reliability. As a 

result, agencies have faced challenges in implementing performance-based work zone 

management consistently. 

4.2.2. Emerging Use of Probe and Connected Vehicle Data 

The growth of probe and CV data has created new options for work zone performance 

measurement. Probe-based speed products aggregate crowdsourced data from navigation 

services, while CV trajectory datasets contain anonymized waypoints from individual vehicles. 

Several studies have shown that these data sources can reproduce congestion patterns observed 

by fixed sensors and can be used to estimate travel times, identify bottlenecks, and measure 

queue lengths when penetration levels are adequate [14,84,85]. 

Recent work under the Smart Work Zone Deployment Initiative (SWZDI) compared several 

probe-based performance measures and reported that CV trajectory data can detect work zone 

queues with low missed call rates and reasonable latency, even when overnight coverage is 

sparse [83]. These findings support the use of CV data as a primary input for automated queue 

warning systems and performance dashboards. They also emphasize the need for robust spatial 

filtering, trajectory aggregation, and threshold selection so that performance measures remain 

stable and easy to interpret. 

The present system builds on these findings and on the lane closure detection framework 

described in Chapter 3 [1]. It uses CV trajectories to compute segment-level speeds, classify 

reduced speed conditions, determine when and where queues form, and translate these patterns 

into standardized metrics that align with FHWA-recommended measures [14,82]. 
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4.3. Connected Vehicle Processing Pipeline (Spark-Sedona-S3 Architecture) 

The real-time work zone monitoring system uses a cloud-based pipeline that ingests CV data 

from Amazon S3, applies geospatial filtering and segmentation using Apache Sedona, aggregates 

the data with Apache Spark, and produces analysis-ready inputs every five minutes. This section 

describes the architecture that supports the metric framework described in Section 4.4. 

4.3.1. Ingestion of Recent Connected Vehicle Telemetry 

CV data are delivered to an Amazon S3 bucket as Parquet files throughout the day. A Boto3-

based scanner identifies all files whose LastModified timestamp falls within the previous 30 

minutes. This approach ensures that delayed uploads are still captured and that the pipeline uses 

the most recent available telemetry. 

Spark’s s3a connector is used to read these files in parallel, which supports distributed input 

output and large hourly volumes. Each record includes a journey identifier, latitude and 

longitude, instantaneous speed, work zone identifier, route identifier, and a capture timestamp. 

4.3.2. Geospatial Filtering Using Apache Sedona 

After ingestion, the pipeline applies geospatial filtering to retain only points that fall inside 

predefined work zone polygons. All waypoints are converted into Sedona point geometries, and 

filtering is performed using ST Contains(polygon, point). 

For each filtered point, Sedona computes several geometric attributes (Table 4.1). This produces 

a consistent spatial segmentation across all work zones and time periods. 

Table 4.1. Geometric attributes computed for each CV point during spatial preprocessing 

Attribute Description 

Exterior ring 
Boundary of the work zone polygon used for reference 

geometry. 

Fractional position along 

reference line 

Computed using ST_LineLocatePoint to obtain the 

relative location of the point along the polygon’s reference line. 

Distance along corridor (ft) 
Linear measure from the start of the work zone reference line to 

the point, expressed in feet. 

Segment identifier 
Derived by dividing the corridor distance by 528 ft (0.1 mile), 

producing consistent spatial segmentation. 
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4.3.3. Timestamp Normalization and Five-Minute Binning 

CV timestamps arrive in mixed formats, including epoch seconds, epoch milliseconds, and 

strings. A unified conversion function converts each timestamp to a common UTC timestamp 

type. Each point is then assigned to a five-minute analysis window by flooring the UTC time to 

the nearest 300 seconds: 

𝑡𝑏𝑖𝑛 =  [
𝑡𝑈𝑇𝐶

300
] × 300. 

Bin start times and event timestamps are also expressed in local time (America/Chicago) for 

reporting and dashboard visualization. 

4.3.4. Work Zone Level Percentiles 

To support delay estimation and reference speed normalization, all observations belonging to the 

same work zone, route, and time bin are aggregated to compute approximate 85th and 35th 

percentile speeds using Spark’s percentile approx:  

𝑣85,𝑡, 𝑣35,𝑡. 

The 85th percentile speed serves as a free-flow reference for delay calculations, while the lower 

percentile characterizes intermediate and congested conditions. 

4.3.5. Segment-Level Aggregation 

For each work zone, route, segment, and five-minute window, the system records four quantities: 

the number of CV observations, the number of unique journeys, the mean segment speed 𝑣̅𝑠,𝑡  in 

mph, and the first and last local timestamps observed within the bin. 

These segment-level aggregates, combined with the work zone–level percentiles, form the inputs 

for the metric computation framework described in Section 4.4. 

4.4. Metric Computation Framework 

The metric computation framework operates on a rolling stream of CV telemetry that has been 

spatially filtered to work zone polygons and segmented along the work zone centerline. Each 

record includes a work zone identifier, route identifier, capture timestamp, instantaneous speed, 

and segment index defined in 0.1-mile increments. 

Data are grouped into non-overlapping five-minute analysis windows in coordinated universal 

time, with local timestamps stored for reporting. Within each window, the system first forms 

segment-level and work zone–level aggregates, then identifies queued segments and queue 
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groups, computes journey-level travel time and delay, and finally collapses all information into a 

five-minute summary record per work zone. A rolling 30-minute snapshot for operations is 

obtained from the six most recent summary records. 

4.4.1. Segment-Level Speed Aggregation and Queue Thresholds 

For each work zone, route, segment, and five-minute window, the system computes the number 

of CV records and distinct journeys, the mean segment speed 𝑣̅𝑠,𝑡  in mph, and the temporal 

coverage within the bin. 

At the work zone level, the 85th and 35th percentile speeds, 

𝑣85,𝑡, 𝑣35,𝑡, 

are computed using approximate percentile routines. 

A segment is classified as queued when 

unique_journeys𝑠,𝑡 ≥ 6 and 𝑣̅𝑠,𝑡 ≤ 𝑣35,𝑡. (4.1) 

The minimum distinct journey requirement reduces the chance that isolated slow vehicles 

produce spurious queues. The queue classification defined in equation (4.1) is recomputed every 

five minutes. 

4.4.2. Segment-Level Speed Profiles and Visualization 

After segment-level aggregation, the pipeline maintains a matrix of segment indices versus time 

bins where each cell contains 𝑣̅𝑠,𝑡 and, when sample sizes allow, segment-level percentiles. This 

structure supports speed segment heatmaps, where color encodes mean or percentile speeds for 

each segment and time bin. These visualizations show the spatial extent of reduced speeds and 

the timing of congestion. 

4.4.3. Queue Identification and Queue Length 

Once segment-level queue flags have been assigned, the system groups contiguous queued 

segments within each work zone and time bin. For a queue that spans segments sstart through send, 

with segment length Lseg = 0.1 mi, the queue length is 

𝐿𝑞𝑢𝑒𝑢𝑒 = (𝑠𝑒𝑛𝑑 − 𝑠𝑠𝑡𝑎𝑟𝑡 + 1) × 𝐿𝑠𝑒𝑔. (4.2) 
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This converts the count of queued segments into a spatial measure. In line with FHWA queue 

estimation guidance, the system reports the length of each queue and summary statistics across 

all queues in the bin [82]. 

Within each five-minute bin, the system tracks maximum queue length, minimum and average 

queue length across detected queues, and number of distinct queues (Table 4.2). 

Table 4.2. Journey-level aggregates computed within each work zone and five-minute 

analysis window 

Quantity Symbol Description 

First local timestamp tfirst 
Earliest local timestamp for the journey 

within the analysis bin. 

Last local timestamp tlast 
Latest local timestamp for the journey within 

the analysis bin. 

Record count – 
Number of CV records associated with the 

journey in the bin. 

Minimum segment index smin 
Smallest segment index visited by the 

journey in the bin. 

Maximum segment index smax 
Largest segment index visited by the journey 

in the bin. 

Average observed speed vobs 
Mean of instantaneous speeds observed for 

the journey in the bin. 

Minimum observed speed vmin 
Lowest instantaneous speed observed for the 

journey in the bin. 

 

4.4.4. Per Bin Queue Duration and Temporal Evolution 

The analysis uses non-overlapping five-minute bins. Each queue identified within a bin is 

associated with a nominal duration of 

𝑇𝑞𝑢𝑒𝑢𝑒,𝑡 = 5 𝑚𝑖𝑛𝑢𝑡𝑒𝑠. (4.3) 

For real-time operations, the system summarizes the queues within each bin using this fixed 

duration. Longer-term temporal evolution can be reconstructed by linking queues across 

consecutive bins based on spatial overlap and computing total episode duration as 

𝑇𝑒𝑝𝑖𝑠𝑜𝑑𝑒 = 𝑁𝑏𝑖𝑛𝑠 × 5 𝑚𝑖𝑛𝑢𝑡𝑒𝑠, (4.4)  

where Nbins is the number of consecutive bins with at least one queue present [91]. 
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4.4.5. Journey-Level Travel Time and Delay 

Delay represents the additional travel time experienced relative to a reference speed. In this 

framework, delay is computed at the journey level. 

For each work zone, route, journey identifier, and five-minute bin, the system aggregates all 

records and computes the following: 

Observed travel time is calculated as 

𝑡𝑎𝑐𝑡𝑢𝑎𝑙 = 𝑡𝑙𝑎𝑠𝑡 − 𝑡𝑓𝑖𝑟𝑠𝑡 ,  (4.5) 

and path length within the work zone is approximated as 

𝐿𝑝𝑎𝑡ℎ = (𝑠𝑚𝑎𝑥 − 𝑠𝑚𝑖𝑛 + 1) × 𝐿𝑠𝑒𝑔,  (4.6) 

where Lseg = 0.1 mi. Journeys with nonpositive path length are excluded.  

Expected travel time is calculated using the work zone 85th percentile speed: 

𝑡𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 = {

𝐿𝑝𝑎𝑡ℎ

𝑣85,𝑡
× 3600, 𝑣85,𝑡 > 0,

𝑢𝑛𝑑𝑒𝑓𝑖𝑛𝑒𝑑, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.
 (4.7) 

Journey-level delay is calculated as 

∆𝑡𝑠𝑒𝑐 = max (0, 𝑡𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑡𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑). (4.8) 

Journey-level delays are summarized at the work zone and bin level using mean, minimum, and 

maximum delay values. 

4.4.6. Speed Event Frequency and Turbulence 

Average speeds and delays describe typical conditions but may not capture short periods of 

instability. To characterize these regimes, the system defines three journey-level event flags: 

• Overspeed events: Set when the journey’s average observed speed exceeds v85,t. 

• Speed drop events: Set when the average speed at the start of the journey path exceeds the 

average speed at the end by at least 30 mph. 

• Hard braking events: Set when the minimum observed speed along the journey path is less 

than or equal to 15 mph. 
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At the work zone and bin level, counts of overspeed, speed drop, and hard braking events are 

computed. Higher counts indicate more unstable traffic and higher exposure to sudden 

decelerations [19,83]. 

4.4.7. Throughput and Vehicle Counts 

Throughput is estimated by counting the number of distinct journeys observed within each work 

zone and five-minute bin, 

total_vehicles𝑡 = |{𝑗: 𝑗 traverses the work zone in bin 𝑡}|.  

CV counts represent a sample of the total traffic stream. Penetration rate studies have shown that 

CV counts can be scaled using factors derived at locations with both CV data and ground truth 

volume measurements [85]. 

Throughput estimates, combined with delay and queue length, help distinguish whether poor 

performance is driven by high demand, reduced capacity, or both. 

4.4.8. Daily Time Series Visualization for Operations 

Although metrics are stored at a five-minute resolution, the visualization layer shows the 

evolution of conditions over the entire current day. For each work zone, the dashboard retrieves 

all summary records with bin start times between local midnight and the current time. This 

produces a continuous time series of five-minute points. 

These daily time series are used to plot average speed, maximum and average queue length, 

estimated delay, and counts of overspeed, speed drop, and hard braking events (Table 4.3). 

Presenting the full day on a single timeline allows operators to see how conditions have evolved 

and to compare current performance against earlier periods of the same day. 
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Table 4.3. Summary of core work zone performance metrics, computation logic, and 

aggregation level 

Metric How It Is Calculated Formula / Condition 

Time Bin 

/ Level 

Segment Mean 

Speed 

Average of all CV speeds 

within segment s in time bin t 𝑣̅𝑠,𝑡 =
1

𝑁𝑠,𝑡
∑ 𝑣𝑖

𝑁𝑠,𝑡

𝑖=1

 
5-min, 

segment 

Work Zone 

Speed 

Percentiles 

85th and 35th percentile 

speeds from all CV 

observations in bin t 

𝑣85,𝑡 , 𝑣35,𝑡

= 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒𝑠({𝑣𝑖}𝑡) 

5-min, 

work zone 

Queue Segment 

Identification 

Segment flagged as queued 

when mean speed is low and 

distinct journeys are sufficient 

unique_journeys𝑠,𝑡 ≥ 6 

and 𝑣̅𝑠,𝑡 ≤ 𝑣35,𝑡 

5-min, 

segment 

Queue Length 

Length from contiguous 

queued segments times 

segment length (0.1 mi) 

𝐿𝑞𝑢𝑒𝑢𝑒 = (𝑠𝑒𝑛𝑑 − 𝑠𝑠𝑡𝑎𝑟𝑡 + 1)

× 0.1 

5-min, 

work zone 

Delay 

Difference between actual and 

expected travel time at 

reference speed 

∆𝑡 = max (0, 𝑡𝑎𝑐𝑡𝑢𝑎𝑙

− 𝑡𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑) 
5-min, 

journey 

Throughput 
Count of distinct CV journeys 

in bin t 

throughput𝑡

= |{𝑗: 𝑗 traverses WZ at 𝑡}| 
5-min, 

work zone 

Overspeed 

Events 

Journey flagged if average 

observed speed exceeds v85,t 

𝑜𝑣𝑒𝑟𝑠𝑝𝑒𝑒𝑑𝑗 = 𝕀(𝑣𝑜𝑏𝑠,𝑗

> 𝑣85,𝑡) 

5-min, 

work zone 

Speed-Drop 

Events 

Journey flagged if speed 

drops by at least 30 mph 

between start and end 

𝑠𝑝𝑒𝑒𝑑_𝑑𝑟𝑜𝑝𝑗 = 𝕀(𝑣𝑠𝑡𝑎𝑟𝑡,𝑗

− 𝑣𝑒𝑛𝑑,𝑗 ≥ 30) 

5-min, 

work zone 

 

For plots, all bins since local midnight are shown. For real-time summaries and alerts, only the 

most recent six bins (30 minutes) are examined. 

4.5. Case Studies: Visual Interpretation of Traffic Dynamics at Selected Work Zones 

This section presents two example work zones that show how speed segment heatmaps, speed-

time scatterplots, and queue length profiles together describe congestion formation and 

dissipation. The chosen sites exhibit two patterns of morning peak behavior: a short moderate 

slowdown (4DA – Sideroad JCP EB 2) and a sharper slowdown (1DW – Mainline WB 1). 

4.5.1. Case Study 1: Work Zone 4DA – Sideroad JCP EB 2 

At work zone 4DA, the speed segment heatmap in Figure 4.1 shows a localized region of 

reduced speeds centered between approximately 07:30 and 08:10. A vertical band of orange and 

red cells appears across a short segment of the corridor, indicating speeds dropping to 

approximately 20 to 30 mph. Outside this interval, speeds remain largely in the green range, 
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suggesting near free-flow conditions. The spatial extent of the slowdown is limited, indicating 

that congestion is confined to a small portion of the work zone. This pattern suggests a short-

duration, demand-driven slowdown during the morning peak. 

 

Figure 4.1. Speed-segment heatmap for work zone 4DA – Sideroad JCP EB 2 

The speed-time scatterplot in Figure 4.2 shows a dense cluster of low-speed points primarily 

between 07:30 and 08:10, with speeds dropping below 35 mph. Before and after this interval, 

most observations are above 60 mph, indicating free-flow conditions. The limited temporal 

spread of low-speed points confirms that the slowdown is short-lived and concentrated within the 

peak period. 
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Figure 4.2. Speed-time scatterplot for work zone 4DA – Sideroad JCP EB 2 

Figure 4.3 shows the queue length profile. Queue length remains near zero before 07:30, rises to 

nearly 0.6 mile, and then returns toward zero after about 08:10. The alignment between the 

slowdown band in the heatmap, the cluster of low-speed points, and the peak queue length 

indicates a short-duration demand-driven queue. The alignment between the localized slowdown 

in the heatmap, the concentrated cluster of low-speed observations in the scatterplot, and the 

short-lived peak in queue length indicates a compact, demand-driven queue with limited spatial 

extent and rapid dissipation. 

 

Figure 4.3. Queue length versus time for work zone 4DA – Sideroad JCP EB 2 
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4.5.2. Case Study 2: Work Zone 1DW – Mainline WB 1 

Work zone 1DW shows a more intense but still limited slowdown. The speed-time scatterplot in 

Figure 4.4 shows a tight cluster of low-speed points emerging just before 07:50. Outside this 

window, speeds are close to free-flow. 

 

Figure 4.4. Speed-time scatterplot for work zone 1DW – Mainline WB 1 

The heatmap in Figure 4.5 shows a vertical band of red cells across several segments just before 

07:50, representing a short period of very low speeds. The slowdown disappears quickly, 

suggesting a short-duration congestion episode. 

 

Figure 4.5. Speed-segment heatmap for work zone 1DW – Mainline WB 1 
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Figure 4.6 shows the queue length profile. Queue length remains near zero for most of the 

period, with a single sharp spike around 07:50 reaching approximately 0.5 miles. The queue 

forms briefly and dissipates almost immediately, returning to near-zero levels shortly after. 

Unlike the previous case, there is no sustained queue or gradual decline, indicating that the 

congestion event is highly transient. 

Although the slowdown is intense, the short duration and immediate recovery suggest a brief, 

localized disturbance rather than a prolonged congestion buildup, and the overall queue length 

remains smaller and less persistent than in the 4DA case. 

 

Figure 4.6. Queue length versus time for work zone 1DW – Mainline WB 1 

4.5.3. Comparative Summary of Both Cases 

Both case studies show morning peak slowdowns, but the patterns differ. Work zone 4DA 

experiences a moderate queue that forms and dissipates over a longer window, whereas work 

zone 1DW experiences a shorter but more severe slowdown. In both examples, the heatmaps, 

scatterplots, and queue profiles provide a consistent picture of congestion formation and 

recovery. 

4.6. Real-Time Operational Insights from the Live Dashboard 

The performance monitoring system described in this chapter features a live dashboard that 

provides a real-time view of work zone traffic conditions by combining spatial context, CV 

trajectory feeds, and performance indicators. This section illustrates the dashboard’s 

functionality using an example work zone (1EA – Mainline WB 1).  
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The top-level map interface allows operators to select an active work zone and view its 

geospatial extent, surrounding roadway network, and the location of CV activity, as shown in 

Figure 4.7. This helps relate detected queues or speed drops to ramps, intersections, or local 

geometric features. 

 

Figure 4.7. Live dashboard map interface showing work zone 1EA – Mainline WB 1 

4.6.1. Queue Length Behavior 

The queue length time series in Figure 4.8 shows two congestion periods during the day. In the 

morning peak, between approximately 07:30 and 08:15, the maximum queue length briefly 

exceeds 2.5 miles. A second congestion window occurs in the late afternoon between about 

16:00 and 17:30, with queues generally remaining below 1.0 mile. Outside these periods, queue 

length remains close to zero. 

 

Figure 4.8. Real-time queue length throughout the day for work zone 1EA – Mainline WB 

1 

4.6.2. Queue Duration Characteristics 

The queue duration plot in Figure 4.9 shows the persistence of queues. During morning and 

evening peaks, queue duration rises to the upper limit of the display (300 seconds). During 

midday and late night hours, queue duration is near zero. This indicates that congestion is 

confined to a limited set of high demand periods. 
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Figure 4.9. Queue duration time series showing the persistence of queue events for work 

zone 1EA – Mainline WB 1 

4.6.3. Delay Trends 

Figure 4.10 shows delay estimates. Delay remains small for most of the day, with brief spikes 

during the evening peak. Maximum delay reaches higher values for a short interval, while 

average delay remains relatively low. This indicates that a subset of vehicles experience higher 

delay when shockwaves develop, while many others pass through with smaller impacts. 

 

Figure 4.10. Delay estimates for work zone 1EA – Mainline WB 1 

4.6.4. Connected Vehicle Trajectory Volumes 

Figure 4.11 shows CV trajectory counts over the day. Counts rise from early morning into the 

07:00 to 09:00 period, flatten during midday, and rise again between about 16:00 and 17:30. 

Higher volumes during the peaks support reliable speed and queue estimates. Even during off-

peak hours, counts are sufficient to maintain monitoring. 
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Figure 4.11. CV trajectory counts over the day for work zone 1EA – Mainline WB 1 

4.6.5. Average Speed Variations 

Average speed trends, shown in Figure 4.12, match the queue metrics. Speeds drop to around 25 

to 35 mph during the morning congestion period, with the lowest speeds near 07:50. During the 

evening peak, speeds drop toward 20 mph before recovering as demand decreases after 18:00. 

Midday speeds remain between about 55 and 70 mph, indicating stable free-flow conditions. 

 

Figure 4.12. Average speed time series for work zone 1EA – Mainline WB 1 

4.6.6. Operational Summary 

The dashboard results indicate that congestion at this work zone is concentrated in the morning 

and evening peaks, while midday and overnight periods show limited degradation. The morning 

peak produces longer queues but relatively low delay per vehicle, consistent with slow but 

moving traffic. Evening congestion generates shorter queues but higher delay spikes, which 

suggests more stop-and-go behavior. Together, the metrics and visualizations allow practitioners 

to diagnose conditions, assess safety risks associated with queue formation, and identify 

opportunities for targeted mitigation strategies. 

4.7. Chapter Summary 

This chapter presented a framework for measuring work zone performance using CV data and 

cloud-based analytics. Building on FHWA guidance and recent work with probe-based 

congestion monitoring, the chapter described how CV telemetry can be transformed into 
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indicators of queue length, queue duration, delay, speed event frequency, and throughput 

[14,19,83,82]. 

The data pipeline developed for the framework integrates near-real-time ingestion of CV records, 

temporal standardization, and spatial filtering using work zone polygons. Each work zone is 

segmented into 0.1-mile units so that localized disruptions can be captured, and five-minute time 

bins are used to balance responsiveness with stability. Reduced-speed conditions are identified 

using percentile-based thresholds, and queues are detected by grouping contiguous segments that 

meet these conditions. From these patterns, the system computes the spatial extent and temporal 

duration of congestion, as well as the additional travel time imposed on drivers. 

Visualization is a key part of the framework. Speed segment heatmaps, speed-time scatterplots, 

and queue length profiles were developed for two example work zones. The first site exhibited a 

short demand-related slowdown during the morning peak, while the second site showed a shorter 

but more intense congestion period. In each case, the agreement between visual diagnostics and 

computed metrics demonstrated that CV data can capture the formation and dissipation of work 

zone queues. 

By combining numerical metrics with interpretable visualizations, the system provides a 

practical assessment of work zone conditions that supports real-time monitoring by TMC staff. 

These metrics can support queue warnings, traveler information, and performance-based 

evaluations of lane closures. As CV penetration increases and cloud computing tools continue to 

advance, such systems will help agencies monitor many work zones without additional roadside 

hardware [85,83]. 

Future work may extend these metrics to include incident-related closures, recurring bottlenecks, 

and special events. Further research on short-term queue prediction and data fusion methods that 

combine probe data with selective fixed sensors may enable forecasting and early warning 

capabilities that support work zone operations [84,86,32]. Subsequent chapters will describe flow 

estimation and the integration of these metrics into the broader ReactorIQ dashboard 

environment. 
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CHAPTER 5. SMART WORK ZONE PLANNING 

This chapter presents methods for monitoring and evaluating freeway work zones using 

connected vehicle data and data-driven analytics. The primary focus is on automatic lane closure 

detection, which identifies the location and timing of lane closures using changes in vehicle 

speed and lateral position patterns. This behavior-driven approach provides continuous, scalable 

detection of work zone activity without reliance on manual reporting or fixed roadside sensors, 

improving situational awareness for transportation agencies 

5.1. Automatic Lane Closure Detection 

5.1.1. Introduction 

Lane closures are among the most influential temporary changes that occur on high-speed 

highways during construction, maintenance, utility work, incident response, and rehabilitation 

activities. When a travel lane becomes unavailable, the effective capacity of the roadway 

decreases and drivers must shift laterally, merge, or navigate narrower paths. These adjustments 

alter traffic flow and can produce queues, speed reductions, and increased lane changing activity 

that extend upstream of the work area. The effects are most pronounced during peak periods, 

when demand is high and the roadway is already operating near capacity. 

National assessments of work zones and lane closures have documented these impacts. Analyses 

of work zone-related crashes and nonrecurring congestion show that temporary lane reductions 

contribute meaningfully to delay and safety risk, including primary and secondary crashes and 

associated economic costs [1,3]. Recent FHWA summaries indicate that lane reductions in work 

zones are an ongoing safety concern on high-speed facilities, particularly for mixed traffic and 

commercial vehicles [2,3]. 

Because of these risks, lane closure management is a central task for state transportation 

agencies. Timely and accurate closure information supports law enforcement deployment, DMS 

updates, queue warning systems, contractor compliance checks, and evaluation of traffic control 

plans [2]. In practice, however, lane closure records have often been generated from manual 

sources such as contractor logs, 511 reports, and field verification by inspectors or TMC staff. 

These approaches can be delayed, incomplete, or inconsistent. Field sensors such as loops, radar 

trailers, Bluetooth readers, or cameras provide additional information but are costly to install and 

maintain and do not cover every location [87,28,29]. Short-duration and mobile closures further 

complicate reliable documentation when their exact location and timing change during a shift or 

across multiple days. 

Several national efforts have sought to standardize and distribute lane closure information more 

systematically. The FHWA WZDx specification defines a common format for publishing 

planned and active work zone records, including closure locations, lane configurations, and time 

windows [28]. Studies on smart work zone devices and connected arrow boards show that onsite 

devices can provide high-quality lane closure data when properly deployed and maintained 
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[28,29]. These devices, however, require dedicated hardware, power, and communications, 

which can make universal deployment across all work zones challenging. 

CV telemetry offers a complementary data source. CV telemetry data collected at one- to three-

second intervals provide detailed trajectories that include coordinates, timestamps, speeds, 

headings, and journey identifiers [88,34]. These trajectories describe how drivers move under 

actual conditions and implicitly encode lateral positioning through the spread of waypoints 

across the roadway cross section. When a lane is closed and drivers shift into the remaining 

lanes, the distribution of waypoints changes in a systematic way. By aggregating many vehicles, 

these changes can be observed without any additional roadside hardware [1,35]. 

This section describes a methodology for automatic lane closure detection that uses CV 

movement data and machine learning. The approach follows the statewide lane closure detection 

framework proposed, which distinguishes closure conditions from normal operations using 

distributional changes in speed and lateral positioning [1]. Weekly CDFs of speed and distance 

from the reference line (DFRL) are compared with a baseline week, Kolmogorov-Smirnov–

based features are extracted, and support vector machine (SVM) and k nearest neighbor (KNN) 

classifiers identify closure weeks for 0.1-mile segments. 

In the remainder of this section, that methodology is summarized and integrated into the broader 

work zone analytics framework presented in this report. The following subsections describe the 

data preparation, spatial mapping, feature construction, development of a classification pipeline, 

cross-corridor validation, formulation of a statewide scaling strategy, postprocessing for stability, 

and visualization. The objective is to document the algorithmic steps and show how the lane 

closure detection module fits into the larger work zone monitoring system. 

5.1.2. Literature Review 

5.1.2.1. Work Zones, Lane Closures, and Nonrecurring Congestion 

The safety and mobility effects of work zones and lane closures have been studied extensively in 

both research and agency guidance. Early work on recurring and nonrecurring congestion 

distinguished between congestion driven by predictable daily demand and congestion caused by 

incidents, weather, or temporary capacity restrictions such as lane closures [87,28]. Empirical 

studies have shown that lane reduction areas often experience higher crash rates, especially in 

transition and activity areas where drivers merge, weave, and travel in close proximity to 

workers and equipment [2,3]. 

Recent summaries from the Work Zone Safety Information Clearinghouse and FHWA report that 

although some long-term trends have improved, the absolute number of work zone-related 

fatalities remains high on high-speed facilities. Unexpected slowdowns and abrupt lane drops 

can create substantial speed differentials that contribute to severe crashes [2,3]. Work on the 

resilience of urban transportation networks has also highlighted that short-term nonrecurring 

congestion from incidents or lane closures can reduce network connectivity and increase travel 

time variability [87]. 
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Within this context, reliable lane closure information serves both short-term and long-term 

purposes. It supports immediate operational responses such as queue warning and enforcement, 

and it enables longer-term evaluations of work zone performance, development of mitigation 

strategies, and planning of future maintenance programs. 

5.1.2.2. Traditional Lane Closure Monitoring and Emerging Data Standards 

Historically, lane closure information has been derived from planned maintenance schedules, 

permits, inspection reports, and TMC logs. These sources rely on manual updates and may not 

reflect real-time conditions when closures are delayed, extended, or moved without 

corresponding database updates [1,28]. 

The WZDx specification was developed to improve data consistency and shareability by defining 

an interoperable format for publishing work zone and lane closure events [28]. Pilot 

implementations have shown that standardized feeds can help navigation providers, researchers, 

and agencies use work zone information more easily, but they still depend on accurate upstream 

reporting. Investigations of connected work zone devices, including smart arrow boards and low-

cost sensors, show that onsite devices can automatically broadcast closure status using 

standardized messages [28,29]. The main limitations are the hardware and maintenance 

requirements, which constrain full coverage, especially on short-duration or rural closures. 

These constraints motivate additional approaches that infer lane closure conditions directly from 

traffic behavior. Such methods can provide an independent behavior-based view that 

complements device-based and manually reported data. 

5.1.2.3. Connected Vehicle Data for Work Zone and Lane Closure Monitoring 

CV probe data have evolved from coarse travel time samples to detailed trajectories with one- to 

three-second sampling. Large-scale evaluations have examined coverage, speed bias, congestion 

detection, and representativeness relative to traditional sensors [88,14,10,34]. Results indicate 

that, even at penetration rates on the order of several percent, CV telemetry data can reproduce 

freeway speed and congestion patterns with sufficient fidelity for operational use in many 

settings. 

Work zone applications of CV telemetry data include performance measurement using probe 

speeds, estimation of delay and queue length, and analysis of CV-based metrics such as hard 

braking and speed profiles for safety and mobility evaluation [14,35,89]. The study in [35] 

demonstrated that CV data can support near-real-time monitoring of work zone traffic operations 

without relying on fixed detectors. Studies using naturalistic driving datasets have examined 

work zone mobility and safety and highlighted the behavioral detail observable in temporary 

traffic control environments [89,62]. Additional work has reviewed real-world CV applications 

in traffic state estimation, incident detection, speed harmonization, and safety analytics [88]. 

Lane closure detection is more specific than general traffic monitoring because closures may not 

always produce dramatic changes in average speed. Closure detection therefore benefits from 

features that capture both longitudinal speed and lateral positioning rather than speed alone. 
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5.1.2.4. Machine Learning and Deep Learning for Traffic State Estimation and Anomaly 

Detection 

The growth of transportation data has encouraged the use of machine learning and deep learning 

for traffic state estimation, prediction, and anomaly detection. Physics-informed learning 

frameworks that incorporate macroscopic models such as the LWR model and the CTM have 

been applied to estimate density and flow under sparse and noisy measurements [90]. Spatial and 

temporal neural architectures including convolutional networks, graph neural networks, and 

recurrent networks have been studied for network-wide traffic prediction and for modeling 

spatial dependencies [91,92]. 

Fully data-driven deep learning methods can require large labeled datasets and significant 

computational resources [90,91,92]. For lane closure detection, where labeled closure 

information is relatively limited and interpretability and efficiency are important, hybrid 

approaches that use engineered features with classical machine learning methods are an attractive 

option [1]. 

The Kolmogorov-Smirnov test and related distributional distance measures are widely used to 

quantify differences between empirical CDFs and have been applied in anomaly detection and 

traffic analytics [93]. SVM and KNN classifiers remain strong baselines for low-dimensional 

nonlinear classification tasks when features are carefully designed [94,95,96]. 

5.1.2.5. Research Gap and Contribution 

Despite progress in probe data analytics, relatively few studies have described a complete 

framework for automatic lane closure detection that operates at the spatial and temporal scales 

required for statewide deployment. Many prior efforts have focused on individual sites, used 

simulated data, or emphasized general speed-based congestion or incident detection rather than 

the explicit identification of lane closure activity [88,97]. 

A CV-based lane closure detection system is proposed that uses distributional statistics of speed 

and lateral position at a 0.1-mile resolution and integrates data processing, feature extraction, 

classification, validation, filtering, and visualization into a single pipeline [1]. The remainder of 

this section describes the adoption of that methodology as a lane closure detection module within 

the broader work zone monitoring system described in this report. 

5.1.3. Connected Vehicle Data and Spatial Mapping 

The lane closure detection system uses a high-frequency CV telemetry dataset containing 

anonymized vehicle waypoints. For this project, data were obtained from the commercial 

provider Wejo, which supplies one- to three-second movement records for a substantial portion 

of the vehicle fleet on Iowa freeways [1,34]. Each record includes latitude, longitude, timestamp, 

speed, heading, and a journey identifier that links points from the same trip. 
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To interpret these points in the context of the roadway, the trajectories are aligned with the Iowa 

DOT LRS [34]. The LRS includes route identifiers, start and end mileposts, bearings, speed 

limits, number of lanes, and county information. Many LRS segments are longer than two miles, 

which is too coarse for lane closure detection because closures are often localized near tapers, 

bridges, or short maintenance areas. 

To increase spatial resolution, each long LRS segment is subdivided into analysis segments of 

lengths of at most 0.1 miles while preserving attributes (Figure 5.15). This subdivision creates a 

dense set of short segments that cover the freeway network. Each CV waypoint is projected onto 

the nearest reference line segment and assigned to one of these 0.1-mile units. 

 

Figure 5.15. Color-coded representation of the segments present on the road from the LRS 

data on US 30 

This mapping step links each CV record to a specific segment, attaches static attributes, and 

defines the spatial framework for computing weekly behavioral distributions. The 0.1-mile units 

are short relative to typical work zone extents and are therefore suitable for detecting localized 

lane closure effects within longer corridors. 

Preprocessing and Lateral Position Estimation 

Lateral positioning is a key signal for lane closure detection because it reflects how drivers 

distribute themselves across available lanes. When the rightmost lane is closed, for example, 

vehicles shift toward interior or left lanes and the lateral distribution of waypoints changes. 

Speed reductions alone can be caused by various factors, but a systematic lateral shift is more 

directly related to changes in lane availability. 

To quantify lateral behavior, each CV waypoint is assigned a DFRL. The reference line is the 

LRS centerline, which approximates the geometric center of the roadway (Figure 5.16). For each 

waypoint, the shortest perpendicular distance to the reference line is computed. By convention, 

positive values indicate points on one side of the reference line and negative values indicate 

points on the opposite side (Figure 5.17) [1]. 



 49 

 

Figure 5.16. Colored lines representing the reference line on a divided highway, which was 

used for the DFRL calculation 

 

Figure 5.17. Waypoints representing DFRL, with red points indicating presence on the 

right side of the reference line and blue points indicating presence on the left side 

The DFRL computation uses geometric operations on polylines. Each CV point is projected onto 

the nearest polyline segment, and the perpendicular offset is measured to obtain DFRL. Points 

that fall well outside the roadway envelope, such as those for on-ramps or frontage roads, can be 

removed using bounds on DFRL based on known cross section widths. This filtering focuses the 

analysis on mainline behavior. 

After cleaning, DFRL values and speeds are aggregated by week and by 0.1-mile segment. 

Weekly aggregation provides enough observations to construct stable empirical distributions in 

segments with moderate probe penetration while providing a short enough timeframe that lane 

closures lasting several days appear as distinct changes relative to baseline weeks. 

5.1.4. Weekly Traffic Behavior Through Distributional Signatures 

After weekly speed and DFRL values are computed for each segment, their distributions can be 

examined over time. Under normal operations, weekly distributions of speed and lateral position 

for a given segment tend to be similar from week to week because drivers use available lanes and 

maintain free-flow speeds in a consistent manner [1]. 

To capture this behavior, empirical CDFs of speed and DFRL are constructed for a baseline 

week and for each subsequent week. The baseline week corresponds to a period with no known 

lane closures. When a lane closure is present in a later week, both CDFs change. The DFRL CDF 



 50 

shifts as vehicles move laterally into the remaining lanes, and the speed CDF shifts toward lower 

speeds as drivers slow down near the closure. 

Under closure conditions, these changes are consistent for the affected segments. Weeks that do 

not contain closures show CDFs that closely match the baseline apart from sampling variation, 

while closure weeks show noticeable divergence in both speed and DFRL. The pattern is 

demonstrated by comparing baseline and closure week CDFs on US 30 westbound (Figure 5.18, 

with a shift in waypoints illustrated in Figure 5.19) [1]. To convert these observations into 

numerical features, the Kolmogorov-Smirnov D statistic is used. For each segment, the D 

statistic is computed between the baseline week CDF and the current week CDF for speed and 

for DFRL. The D statistic is the maximum vertical difference between two CDFs and is a 

standard measure of distributional change [93]. This process yields a pair of weekly D statistics 

per segment: one for speed and one for DFRL. Under normal conditions, both values remain 

small. During closure weeks, both tend to increase, reflecting the combined effect of speed 

reduction and lateral position shifts. 
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Figure 5.18. CDF plot of DFRL and speed for US 30 WB: (a) comparison of weeks 1 and 5 

when both weeks have no closure, (b) plot for weeks 1 and 20 when only week 20 has a 

closure 
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Figure 5.19. Shift of waypoints on road segments before and during closure: (a) Week 20 

closure waypoints on US 30 westbound (red) compared with a baseline week, (b) US 65 

southbound waypoints highlighting shift during closure 

5.1.5. Machine Learning Classification of Lane Closures 

With weekly D statistics computed for each segment, lane closure detection is framed as a binary 

classification problem. Each segment week is labeled as closure or non-closure using ground 

truth derived from Iowa 511 lane closure records. 

When the weekly speed and DFRL D statistics are plotted in a two-dimensional feature space, 

closure and non-closure weeks occupy different regions (Figure 5.20). Weeks with confirmed 

lane closures cluster where both statistics are relatively large. Weeks without closures cluster 

near the origin, where both statistics are small. This separation is clearly visible for the US 30 

training corridor [1]. 
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Figure 5.20. Scatterplot between speed D statistic and distance D statistic illustrating 

separation between closure and non-closure weeks 

Two supervised learning methods are used: SVM with a radial basis function kernel and KNN 

(Figure 5.21). SVM constructs a nonlinear decision boundary in the feature space by finding a 

separating surface with maximum margin between classes [94,95]. KNN assigns labels based on 

the majority class among the nearest neighbors and is suitable when classes form coherent local 

clusters [96]. 

 

Figure 5.21. Decision boundary plots for validation datasets: (a) SVM decision boundary, 

(b) KNN decision boundary 

The training dataset includes 21 weeks of data for 205 short segments on US 30, for a total of 

4,305 segment week observations [1]. Lane closure weeks are less frequent than non-closure 

weeks, which creates class imbalance. To reduce bias toward the majority class, the Synthetic 

Minority Oversampling Technique (SMOTE) is applied to increase the representation of closure 

weeks by interpolating new samples from existing closure points in the feature space [98]. Model 

hyperparameters for SVM and KNN are tuned using a grid search with k fold cross validation. 

Performance metrics including accuracy, precision, recall, and F1 score are monitored to identify 

parameter settings with a reasonable balance between false positives and false negatives. 
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Validation accuracies of approximately 97.7% for SVM and 95.8% for KNN were reported, 

indicating that the weekly speed and DFRL D statistics form an effective feature set for lane 

closure detection on the training corridor [1]. 

5.1.6. Validation Across Additional Highway Corridors 

To check that the method is not specific to a single roadway, the trained models are applied to 

two additional corridors: I-880 westbound and US 65 northbound. These corridors differ from 

US 30 in lane configuration, geometry, speed limits, and demand levels. Applying the models 

without retraining tests whether closure signatures in the feature space are consistent across 

different sites. 

Ground truth lane closure data for I-880 and US 65 are again obtained from Iowa 511. The same 

preprocessing pipeline is used to map CV points to 0.1-mile segments, compute weekly speed 

and DFRL distributions, and derive D statistics [1,34]. 

When the validation corridor observations are plotted in the speed and DFRL D statistic space, 

closure and non-closure weeks show patterns similar to those on US 30. Closure weeks cluster in 

regions with larger D statistics, and non-closure weeks remain near the origin. The decision 

boundaries learned from US 30 generalize well, with only a small number of misclassified 

segment weeks on the validation corridors [1]. 

This validation suggests that the behavioral response of drivers to lane closures, as reflected in 

changes in lateral position and speed distributions, is consistent enough across freeways to 

support corridor-independent lane closure detection. 

5.1.7. Statewide Upscaling and Computational Optimization 

Extending the methodology to a statewide scale introduces computational challenges. The Iowa 

freeway network has thousands of LRS segments, which translate into many tens of thousands of 

0.1-mile analysis units. When combined with multiple weeks of data, the number of segment-

week combinations can reach into the hundreds of millions [1]. Computing full CDFs and 

Kolmogorov-Smirnov statistics for every segment week is expensive. 

To address this, the methodology in [1] uses a two-stage filtering approach. In the first stage, the 

system computes differences at selected percentiles of the weekly speed and DFRL distributions 

relative to a baseline week, such as changes at the 10th, 50th, or 90th percentiles. These 

percentile deltas are faster to compute than full CDFs and provide approximate indicators of 

distributional change. 

Empirical analysis shows that closure weeks exhibit larger percentile deltas than non-closure 

weeks for both speed and DFRL. Thresholds are defined for these percentile differences. 

Segment weeks that do not exceed any thresholds are unlikely to contain closures and are filtered 
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out. Only segment weeks with larger percentile changes proceed to full CDF construction and 

Kolmogorov-Smirnov D statistic computation. 

Large-scale data processing tools such as Amazon Athena and AWS SageMaker are used to 

implement this pipeline across statewide data [1]. This architecture provides a scalable 

environment that can allocate more compute resources when needed while keeping costs 

manageable. 

5.1.8. Postprocessing for Temporal Stability and Spatial Consistency 

Even with a well-performing classifier, some segment-level predictions can be noisy, especially 

in low-volume areas or near the decision boundary. This noise can appear as isolated closure 

predictions or frequent switches between closure and non-closure labels that do not match typical 

work zone practice. Postprocessing is therefore used to improve temporal stability and spatial 

consistency. 

Segments are grouped into spatial clusters using Geohash or similar spatial indexing. Within 

each cluster, closure predictions are examined over time. Actual multi-week closures should 

appear as continuous or nearly continuous sequences of closure labels along adjacent segments. 

Isolated closure weeks surrounded in space and time by non-closure weeks are more likely to be 

artifacts of data sparsity or classification noise. 

The methodology in [1] defines an instability score that measures how often closure labels 

change over time within each spatial cluster. Clusters with high instability are smoothed by 

applying continuity constraints. Short, isolated closure bursts may be relabeled as non-closures, 

and brief non-closure gaps within longer closure periods may be filled to reflect a continuous 

closure. This smoothing reduces instability scores and yields more realistic closure patterns 

across space and time. 

5.1.9. Visualization and Operational Integration 

The final step is to present lane closure detections in a form that supports agency operations. An 

interactive Tableau dashboard was developed in [1] to display closure predictions across Iowa’s 

statewide freeway network (Figure 5.22). Each predicted closure is plotted along the network, 

and users can select a location to view metadata, weekly D statistics, model outputs, and closure 

timelines. 
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Figure 5.22. Tableau dashboard showing lane closure locations, with red dots indicating 

detected lane closure locations: (a) snapshot of traffic camera video feed near Omaha, (b) 

snapshot of traffic camera feed near Iowa City, (c) zoomed-in view of segment-level closure 

effects 

For transportation agencies, such dashboards support situational awareness. Operators can scan 

for active closures, compare detected closures with planned maintenance schedules, and identify 

locations where closure activity is not documented in existing records. When dashboards are 

linked with camera feeds, staff can visually confirm closures detected by the CV-based system 

and refine thresholds as needed. 

Closure detection outputs also provide inputs to other modules of the broader work zone 

monitoring system described in this report. Detected closure extents and durations can be used 

by the queue length estimation and speed heatmap tools, which rely on the same CV telemetry 

data. Closure start and end times can be used to align crash and naturalistic driving data for 

detailed safety analysis near closure locations [62,89]. In future applications, closure detections 

could be linked to WZDx feeds or used to support real-time traveler information. 

5.1.10. Conclusion and Future Research Directions 

This section outlined an automatic lane closure detection framework that uses CV trajectories, 

distributional statistics, and machine learning to infer closure activity at a 0.1-mile resolution on 

a statewide freeway network. The method described in [1] combines spatial mapping using LRS-

based segmentation, DFRL-based lateral positioning, weekly CDF modeling of speed and lateral 

positioning distributions, Kolmogorov-Smirnov based feature extraction, supervised 

classification with SVM and KNN, validation on multiple corridors, statewide filtering, 

postprocessing, and dashboard visualization. 

The results reported in [1] show that lane closures create consistent signatures in both lateral 

positioning and speed distributions and that these signatures can be captured with relatively 
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simple distributional metrics. The use of CV data avoids the need for additional roadside 

hardware at every site and is therefore suitable for large-scale monitoring. The two-stage filtering 

and cloud-based processing framework keeps computation manageable while maintaining high 

detection performance. 

Future research directions include examining shorter aggregation windows, such as daily or 

hourly, to improve responsiveness for short-duration or moving closures. Additional behavioral 

features such as hard braking, acceleration variability, and lane change frequency could 

complement speed and lateral positioning distributions and help distinguish among different 

types of lane restrictions [35,89]. Spatial and temporal deep learning models that process 

trajectories or gridded representations may capture more complex patterns, but their 

computational cost and data requirements will need to be evaluated relative to operational needs 

[90,91,92]. 

Another research direction involves integrating lane closure detection with incident detection and 

queue warning systems to create a combined operational picture. Linking closure signatures with 

camera analytics, WZDx feeds, and naturalistic driving studies could support joint analysis of 

closure implementation, driver response, and safety outcomes [89,62]. As CV penetration 

increases and additional probe datasets become available, the sensitivity and robustness of 

closure detection methods are likely to improve, allowing finer spatial detail and closer 

alignment with specific work zone features such as taper starts and barrier transitions. 

When automatic lane closure detection is incorporated into the AI-based work zone monitoring 

system described in this report, agencies gain a behavior-based tool that can complement planned 

closure records and device-based data. The method provides a scalable way to monitor lane 

closure activity across a wide freeway network using information already available from CVs. 
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CHAPTER 6. INTEGRATED TOOL DASHBOARD 

6.1. Introduction 

The emergence of high-resolution CV data, cloud computing frameworks, and large-scale 

geospatial analytics has created new opportunities to modernize how work zones are monitored 

and managed. Traditional monitoring approaches have relied heavily on fixed detectors and 

manual observations, both of which provide only partial visibility into the changing conditions 

within active construction zones. With the continued rise of mobile operations, short-duration 

closures, and variable contractor schedules, agencies increasingly require systems that deliver 

real-time, spatially accurate, and behaviorally rich information. The integrated tool dashboard 

developed in this project (Figure 6.1) was designed to meet that need by consolidating multiple 

analytical pipelines into a single operational platform. 

 

Figure 6.1. ReactorIQ dashboard landing page showing traffic safety modules, predictive 

tools, and real-time monitoring interfaces 

The dashboard functions as the main user interface for accessing CV performance metrics, lane 

closure detection outputs, queue warning indicators, camera-based analytics, and machine 

learning results. Rather than treating these components as separate systems, the dashboard brings 

them together in a single decision-support environment. The aim is not only to visualize data but 

to convert CV telemetry into information that supports work zone safety, mobility, and 

operational decisions. The dashboard reflects a broader shift toward data-driven transportation 

operations, where decisions are informed by continuous streams of vehicle movement data that 

capture the behavior of road users [99]. 

Integrated dashboards are now common in TMCs, where operators must synthesize information 

from many sensors, data feeds, and predictive tools. Prior research has shown that dashboards 

can improve situational awareness and reduce operator workload, especially during periods of 

congestion or incidents [100]. The dashboard presented here extends that concept to work zone 

monitoring, where construction-related bottlenecks and lane closures introduce additional 
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challenges. By displaying multiple analytic outputs in one interface, the dashboard helps users 

understand not only what conditions are present but also the traffic patterns that led to those 

conditions. 

6.2. Conceptual Foundations of the Dashboard 

The integrated tool dashboard is based on three main design principles. 

The first principle is the fusion of geospatial context with CV telemetry. Unlike fixed detectors, 

CV data provide continuous measurements along the full roadway alignment. This allows the 

dashboard to represent performance metrics directly on the roadway rather than at a small 

number of sensor locations. Earlier studies have shown that spatially distributed probe data can 

improve the fidelity of congestion monitoring compared with traditional sensor-based systems 

[65]. 

The second principle is the integration of analytical outputs with visualization. The dashboard 

overlays the results from automatic lane closure detection, queue identification logic, and speed 

turbulence indicators directly on a map and related plots. Users do not need to move between 

multiple tools to interpret model outputs, which is consistent with recommendations that 

analytical capabilities should be embedded in visual platforms for transportation analytics [68]. 

The third principle is alignment with operational practice. Work zones change frequently as lanes 

open and close, crews move tapers, and traffic demand fluctuates throughout the day. The 

dashboard is designed to ingest updates at short intervals and present them in formats that are 

consistent with human-centered interface principles used in traffic management environments 

[101]. By matching data refresh cycles, layout, and interaction patterns with common workflows 

in operations centers (Figure 6.2), the dashboard is intended to function as a practical tool rather 

than a stand-alone research prototype. 
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Figure 6.2. Conceptual framework illustrating the multi-stage data-driven workflow used 

in this study, with a staircase model highlighting six components: (1) multimodal data 

acquisition, (2) work zone performance assessment, (3) real-time monitoring dashboard 

development, (4) automated work zone detection, (5) crash detection and prediction, and 

(6) planning support for future infrastructure operations 

6.3. Structure and Layout of the Integrated Dashboard 

The dashboard uses a map-based layout to provide immediate situational awareness across 

statewide work zone activities. Active work zones appear as polygons overlaid on a basemap 

rendered with aerial or street-map tiles. Around each polygon, a color-coded performance ribbon 

summarizes the most recent 30 minutes of CV-based speed metrics. Green, yellow, orange, and 

red segments indicate approximate regimes of free-flow, moderate slowdown, severe slowdown, 

and queueing conditions, respectively [64]. This visual summary allows operators to quickly 

identify locations where conditions are deteriorating. 

A left-hand panel provides text-based and drop-down filters for district, corridor, direction, and 

project attributes. Selecting a work zone from this list or clicking a polygon on the map triggers a 

zoom to that location and reveals more detailed performance statistics, including time series 

plots, heatmaps, and summary metrics. This details-on-demand interaction model follows 

established usability guidelines for map-based analytics platforms, where high-level information 

is always available and more detailed views can be accessed through simple, context-aware 

actions [102]. 

6.4. Integration of Connected Vehicle Performance Metrics 

The dashboard is driven by CV telemetry processed through a Spark-Sedona-S3 cloud pipeline. 

Each CV point includes speed, timestamp, location, and journey identifiers. These points are 
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mapped to roadway segments, cleaned, grouped into five-minute windows, and aggregated into 

performance measures. 

Within each work zone polygon and for each five-minute bin, the dashboard displays core 

metrics derived from these aggregated data. Key measures include average speed, the share of 

vehicles operating in reduced-speed regimes, the frequency of slowdowns, estimated queue 

length, patterns of performance change over time, and counts of distinct journeys traversing the 

segment. These indicators together describe current operating conditions. 

Speed-segment heatmaps provide spatial insight into bottleneck formation and congestion 

dynamics. In these plots, the horizontal axis represents time, the vertical axis represents distance 

or segment index, and color encodes mean segment speed or a selected percentile. As the 

heatmaps update throughout the day, operators can observe when congestion begins, how far it 

extends, and when recovery occurs, and can identify segments where slowdowns occur 

repeatedly [103]. 

6.5. Dashboard Interpretation of Work Zone Congestion 

To support interpretation of congestion dynamics, the dashboard combines several 

complementary visualizations. The top panel typically shows a real-time speed time series for the 

selected work zone or segment (Figure 6.3). This plot helps identify breakdown onset, recovery 

timing, and recurring congestion across the day. Previous work has emphasized the diagnostic 

value of such time series plots for understanding traffic state transitions and variability [104]. 

 

Figure 6.3. Real-time speed alerts and CV activity 

Below the time series, a CV scatterplot shows microscopic behavior. In this plot, time is on the 

horizontal axis and speed is on the vertical axis, with each point representing an individual CV 

observation. Dense vertical clusters of low-speed points correspond to queues or stopped traffic, 

whereas more diffuse point clouds indicate transitional or free-flow states. The combination of 
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aggregate time series and microscopic scatter distributions helps operators distinguish between 

short, localized slowdowns and sustained congestion [77]. 

6.6. Integration of Vehicle Trajectory Plots 

An additional feature of the dashboard is the integration of vehicle trajectory plots (Figure 6.4) 

constructed on Amazon EC2. These plots depict microscopic space-time traffic dynamics, with 

time on the horizontal axis and distance along the corridor on the vertical axis. Each individual 

vehicle appears as a slanted line. Steep trajectories indicate higher speeds, and flattening 

trajectories indicate slowdowns, queues, or stop-and-go behavior [24]. 

 

Figure 6.4. Real-time vehicle trajectories within a work zone 

Trajectory patterns reveal several operational phenomena. Merging activity near tapers appears 

as abrupt changes in trajectory spacing and crossing patterns. Bottleneck activation is visible 

when many trajectories flatten near a specific location, indicating the formation of a stationary 

queue. Shockwave propagation appears as diagonal bands of slow trajectories moving upstream, 

and the duration of congestion is reflected in how long these bands persist. Empirical studies 

have shown that shockwaves often propagate upstream at characteristic speeds in typical freeway 

congestion [6]. Trajectory plots allow operators to visually confirm these patterns. 

6.7. Overlay of Lane Closure Detection Results 

Lane closure predictions from the machine learning classifier described in Chapter 5 are 

integrated into the dashboard. Detected closures appear as highlighted 0.1-mile segments 

overlaid on the work zone polygons and base map. When a closure is active, the affected 

segments are emphasized with distinct styling so that they are easy to locate. 

This overlay allows operators to verify whether observed congestion patterns align with closure 

activity, to identify unreported or extended closures that may not yet appear in contractor logs or 

511 systems, and to compare contractor-reported schedules with closure extents inferred from 



 63 

driver behavior. When closure predictions are viewed alongside speed heatmaps and trajectory 

plots, operators can more easily link geometric changes to mobility impacts. 

6.8. Work Zone Diagnostics and Performance Interpretation 

To help interpret the metrics, the dashboard includes a diagnostic component that summarizes 

the current state of each work zone in short narrative statements. Using CV-based speed patterns, 

queue metrics, and indicators of turbulence, the system identifies episodes such as unstable flow, 

rapid queue growth, emerging shockwaves, or recurring speed oscillations. These behaviors are 

then translated into brief text, for example, noting that a queue has formed upstream of the taper, 

that merging is creating speed variability, or that conditions have returned to stable flow. 

Visual elements such as queue length timelines, delay statistics, and slowdown counts support 

this narrative. For each work zone, operators can view how maximum and average queue lengths 

change over time, how total delay accumulates, and how often slowdowns occur in different 

periods of the day. The combination of numerical metrics, plots, and narrative summaries 

provides a coherent picture of performance and helps operators decide whether observed patterns 

are consistent with expectations or indicate emerging issues. 

6.9. Operator Workflow and Interactive Features 

The dashboard supports an operator-centric workflow similar to that used in TMCs. Users 

typically begin with a statewide overview that shows all active work zones on the map with their 

performance ribbons. They can then filter by corridor, district, or route to focus on a smaller 

region and drill down into individual work zones through simple point-and-click interactions. 

Within a selected work zone, operators can choose time windows of interest, such as a morning 

peak or a period containing an incident, and examine the corresponding metrics and 

visualizations. Tabs or panels allow switching between views that emphasize speed, queues, 

delay, or trajectories. Where camera feeds are available, they appear alongside plots so operators 

can visually confirm traffic conditions, queues, and events (Figure 6.5). This combination of 

analytics and video reduces the need to manage multiple separate systems. 
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Figure 6.5. Live traffic camera integration 

6.10. Data Refresh Logic and Real-Time Synchronization 

The dashboard operates on a continuous refresh cycle that is synchronized with the cloud 

processing outputs. CV telemetry is processed in near real-time, and aggregated performance 

summaries are written to Amazon S3 at regular intervals. The dashboard either polls these 

summaries or receives notifications and updates its displays every few minutes, depending on 

configuration and system load. 

To avoid inconsistencies, versioned JSON files are used so that partially written data are not read 

by the dashboard. Each update produces a new, fully written object that is only loaded after the 

write operation finishes. Prior work on real-time dashboards recommends refresh intervals 

ranging from tens of seconds to a few minutes, depending on the balance between timeliness and 

computational overhead [105]. Versioned writes and careful file handling help maintain 

consistency and prevent operators from seeing incomplete snapshots [69]. 

6.11. Cloud-to-Dashboard Communication Layer 

The dashboard communicates with AWS-hosted metrics through secure API endpoints that 

retrieve structured, timestamped performance summaries stored in S3 or related services (Figure 

6.6). These endpoints expose aggregated CV metrics, lane closure predictions, trajectory plot 

references, and diagnostic summaries in compact JSON formats suitable for web applications. 
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Figure 6.6. Cloud-to-dashboard communication architecture 

The front-end dashboard is hosted on AWS Amplify, which supports scalability, integration with 

authentication services, and deployment from a backing code repository. Amplify manages static 

asset hosting, environment configuration, and continuous integration. Combined with services 

such as API Gateway, Lambda, and S3, this architecture forms a loosely coupled system in 

which compute, storage, and visualization components can develop independently while still 

communicating reliably. 

6.12. Expanded User Interaction Features 

Beyond basic filtering and drill-down, the dashboard includes several additional interactive 

features. Users can select custom time ranges such as specific incident windows, construction 

shifts, or peak periods. They can also view multiple work zones side by side to compare 

performance across districts and identify corridors with higher delays or queues. 

The system supports user-defined performance thresholds. Operators can specify thresholds for 

metrics such as maximum queue length, average delay, or slowdown frequency. When real-time 

metrics exceed these values, the dashboard highlights the affected work zones, and automated 

alerts or notifications can be issued where configured. This allows agencies to encode 

performance-based management policies directly into the dashboard and receive immediate 

feedback when those policies are not met. 

6.13. Advanced Data Analytics Integration 

The dashboard is designed as a platform for integrating more advanced data analytics modules. 

In addition to the core metrics and lane closure detection, it can incorporate anomaly detection 

routines that flag unexpected deviations from typical speed or queue patterns. Predictive models 

for queue duration, trained on historical CV data, can provide short-term forecasts of how long 
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current queues may persist. Lane utilization diagnostics estimate how traffic distributes across 

lanes, and pattern mining tools can highlight recurring congestion locations and times. 

These models are trained on archival CV data using combinations of supervised and 

unsupervised learning to capture the structure of traffic behavior [75]. Once trained, they operate 

in near real-time, producing predictions and anomaly scores that are embedded in the dashboard 

visualizations. For example, if a work zone exhibits a queue pattern that differs from historical 

expectations, the anomaly detection module can highlight this condition and prompt additional 

review. 

6.14. Real-Time Performance Metrics and KPI Tracking 

KPIs are tracked within the dashboard to provide a concise assessment of work zone 

performance. Mobility-focused KPIs include queue length, average delay, and slowdown 

frequency. Safety-related KPIs can include counts or rates of events such as hard braking or 

severe speed drops when those data are available. 

Performance summaries are displayed using color-coded indicators to support rapid 

interpretation. Green indicates conditions within defined limits, yellow indicates emerging 

concerns, and red indicates that one or more metrics have exceeded thresholds. In addition to 

real-time status, historical KPI time series are available so that users can review performance 

over an entire day or compare multiple days for the same work zone. This supports after-action 

reviews and planning activities. 

6.15. Cloud-Based Scalability and System Redundancy 

The dashboard uses a cloud-native design to handle statewide CV data streams and multiple 

concurrent users. Distributed ingestion of real-time CV data is managed through services such as 

AWS Glue and Spark, which can scale horizontally as volumes increase. Autoscaling groups 

adjust compute resources based on workload so that processing remains responsive while costs 

are controlled during off-peak periods. 

Redundancy is supported through multi-availability-zone deployments and high-availability 

configurations for services such as S3, Lambda, and CloudWatch. Prior work on distributed 

systems and cloud-based ITS has shown that frameworks like Spark and Glue are suitable for 

large-scale analytics tasks of this type [106]. The dashboard builds on these capabilities to 

provide reliable monitoring under varying demand. 

6.16. Data Security and Privacy Considerations 

Data security and privacy are central to the dashboard design. All data transmitted between back-

end services and the front-end application are encrypted using SSL/TLS. Data stored in cloud 

services such as S3 or managed databases are encrypted at rest using established standards such 
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as AES-256. Authentication and role-based access control ensure that only authorized users can 

access sensitive dashboards or underlying metrics. 

CV data are anonymized at ingestion. Journey identifiers are pseudonymized or hashed, and no 

personally identifiable information is retained. Data handling practices are designed to be 

consistent with current privacy frameworks such as the General Data Protection Regulation and 

the California Consumer Privacy Act, even if the deployment context is not directly governed by 

these regulations. Treating privacy protection as a core requirement helps build trust with 

agencies and the traveling public. 

6.17. User Interface and Experience 

The user interface follows user-centered design principles that emphasize clarity, simplicity, and 

responsiveness. The layout uses a central map view, concise metric panels, and context-aware 

overlays. Color-coded status indicators communicate conditions at a glance, while drill-down 

interactions allow users to explore specific locations and periods without being overwhelmed by 

detail. 

Interactions are structured to reduce cognitive load. Common actions such as changing the 

selected work zone, switching between metrics, or adjusting the time window are performed 

through familiar controls such as drop-down menus, sliders, and clickable legends. Real-time 

responsiveness ensures that operators see current metrics and that the interface responds 

promptly to filter changes. 

6.18. Data Visualization Best Practices 

Visualization elements in the dashboard follow established best practices. Color gradients 

represent performance states, for example, mapping speed or delay to ordered scales. Time series 

plots convey temporal trends, scatterplots highlight microscopic behavior, and heatmaps 

summarize spatial patterns along corridors. 

Interactive controls allow users to filter by metric, time, and space and to toggle overlays such as 

lane closure predictions or safety event markers. By following visualization principles that 

emphasize readability, consistent encoding, and careful use of color and scale, the dashboard 

supports exploratory analysis while remaining interpretable. Users can move between high-level 

summaries and detailed diagnostics as needed. 

6.19. Future Enhancements and Integration with Other Systems 

The integrated dashboard is intended as a flexible foundation for future enhancements and 

integration with other systems. One direction is the incorporation of predictive queue forecasting, 

where short-term traffic prediction models provide forward-looking estimates of queue length 

and delay. Another is incident detection based on trajectory anomalies, where abrupt speed 

changes or unusual lateral movements trigger incident flags. 
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Additional enhancements may include expanded camera-based analytics, such as automated 

detection of stopped vehicles, wrong-way movements, or near-crash events, and closer 

integration with downstream systems such as DMS, adaptive signal control, and WZDx feeds. In 

this configuration, the dashboard could serve as a coordination layer that not only visualizes 

conditions but also supports semi-automated responses. Literature on integrated corridor 

management and adaptive traffic control suggests that such multi-system integration can support 

more responsive traffic management strategies [40]. 

6.20. Conclusion 

The integrated tool dashboard provides a unified platform for real-time work zone monitoring, 

performance visualization, and decision support. By combining CV data, machine learning 

outputs, geospatial analytics, and cloud infrastructure, the system supports operational awareness 

for agencies that manage work zone environments. 

As probe penetration grows and analytical methods develop further, the dashboard can 

incorporate more advanced predictive models, automated alerts, and expanded integration with 

other systems. These enhancements can support more proactive work zone management, where 

decisions are informed by both current conditions and near-term forecasts. In this way, the 

dashboard serves as a practical operational tool and a foundation for future data-driven traffic 

operations. 
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CHAPTER 7. CONCLUSION, LIMITATIONS, AND FUTURE WORK 

7.1. Conclusion 

This project set out to design and implement a comprehensive statewide, real-time work zone 

intelligence system capable of transforming raw CV telemetry, camera feeds, and cloud-based 

analytics into actionable operational insights. The resulting platform, ReactorIQ, integrates data 

ingestion pipelines, performance metric computation, machine learning models, and intuitive 

dashboards to provide transportation agencies with a continuous understanding of traffic 

conditions across active work zones. Through this work, the project showed that CV data can 

serve as a strong foundation for modern traffic monitoring, achieving a level of spatial coverage 

and temporal resolution that traditional fixed sensors alone cannot provide. 

A major accomplishment of the project was the creation of a cloud-native analytics architecture 

capable of processing millions of CV records per hour with near-real-time latency. Built on 

AWS Glue, Apache Spark, and Apache Sedona, the system filters and maps telemetry onto 

roadway geometries and generates performance indicators such as queue length, delay, speed 

degradation, and slowdown frequency. The integration of machine learning models further 

enhanced the platform’s capabilities, particularly in detecting lane closures from subtle shifts in 

lateral driving patterns. These innovations, combined with real-time alerting and an interactive 

dashboard, provide operators with improved visibility into merging turbulence, bottleneck 

formation, shockwave propagation, and behavioral responses to work zone configurations. 

The platform supports both operational and planning needs. In real-time, transportation agencies 

can identify emerging congestion, respond to safety anomalies, and verify incidents through live 

camera feeds. Over longer time horizons, the system provides a rich archive of performance data 

that can inform work zone design, taper placement, contractor compliance, and seasonal 

behavior trends. Overall, this project demonstrates that integrating CV data, cloud analytics, and 

AI-driven interpretation can significantly enhance work zone operations and create a scalable 

blueprint for the next generation of ITS. 

7.2. Limitations 

Despite substantial progress, several limitations remain in the current system, many of which 

stem from inherent constraints in CV data and the complexities of real-world deployment. One 

of the most significant challenges arises from variability in CV penetration. Urban areas and 

major Interstates often provide dense streams of telemetry, but rural corridors and low-volume 

regions suffer from sparse data, which can delay or weaken the detection of queues or lane 

closures. Although smoothing and clustering techniques mitigate these limitations, sensitivity in 

low-volume environments remains constrained by data availability. 

GPS noise and spatial uncertainty represent another important limitation. CVs occasionally 

report inaccurate or jittered positional data, particularly in urban canyons, multi-level 

interchanges, or heavily vegetated areas. Sedona-based map matching reduces misalignment, yet 
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lane-level interpretations may still be affected by GPS drift. Variations in CV telemetry data 

delivery patterns also create inconsistent latency, with some vehicles reporting at near real-time 

while others upload data in batches. These inconsistencies introduce challenges for strict real-

time interpretation and may briefly delay detection during rapidly evolving congestion episodes. 

The integration of camera streams also introduces operational constraints. Although hundreds of 

cameras are available statewide, the quality and reliability of RTSP streams vary considerably. 

Cameras with outdated hardware, limited bandwidth, or unstable network connections produce 

buffering and inconsistent performance. Because the platform relies on these feeds for incident 

verification, such limitations can temporarily reduce situational awareness. The machine learning 

models that detect lane closures and unusual driving behavior may also struggle to generalize 

under atypical conditions such as holiday surges, snowstorms, or multi-event disruptions, where 

driving patterns deviate significantly from training data and may require periodic recalibration. 

Scalability and cloud cost considerations further shape system design. While cloud-based 

architectures offer flexibility, running high-frequency analytics pipelines on AWS Glue, S3, and 

Lambda incurs nontrivial expenses, particularly at statewide scale. Although performance 

optimizations were implemented, further expansion may require hybrid compute deployments or 

more efficient job scheduling strategies. Collectively, these limitations highlight areas where 

continued refinement is needed and where natural improvements in CV penetration and 

infrastructure reliability will strengthen system performance over time. 

7.3. Future Work 

Future work can extend the platform in several meaningful directions. One of the most promising 

opportunities involves predictive analytics. By leveraging historical traffic patterns, CV 

trajectories, and real-time conditions, the system could anticipate queue formation minutes in 

advance and support proactive traffic management strategies. Such predictive capabilities would 

enhance safety and congestion mitigation by enabling earlier interventions. 

Another important direction is the enhancement of camera-based analytics. Integrating advanced 

video inference through modern deep learning models would allow the platform to detect stalled 

vehicles, wrong-way movements, near-miss interactions, and crash precursors directly from live 

footage. Combined with CV telemetry, this multimodal understanding of roadway conditions 

could improve event detection accuracy and reduce incident response times. 

Refining the lane closure detection algorithm remains another priority. More complex closure 

scenarios, such as partial shoulder restrictions, dynamically shifting tapers, multi-lane closures, 

and short-term mobile operations, require more adaptable models capable of interpreting diverse 

lateral positioning patterns. Integrating camera confirmation and additional sensor streams would 

further strengthen classification accuracy and robustness. 

The platform also offers opportunities to expand its decision-support capabilities. By combining 

performance metrics, safety indicators, and predictive analytics, the dashboard could 
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automatically recommend message sets for DMS, identify candidate taper lengths, flag potential 

contractor deviations, or propose operational adjustments during severe congestion. Additional 

enhancements such as historical playback tools and multi-site comparison analytics would 

support planning groups by enabling them to benchmark performance across work zones, 

seasons, and contractor teams. 

Finally, scaling the platform to regional or multi-state deployments represents a long-term goal. 

Achieving this expansion would require standardized data schemas, enhanced cloud 

infrastructure, improved redundancy, and advanced load balancing. As CV adoption increases 

and cloud-based computing becomes more cost-effective, the platform is well-positioned to 

support broader geographic deployments. Ultimately, future work should continue to refine, 

expand, and operationalize the system to ensure that it evolves alongside advancements in 

transportation technology, data availability, and agency operational needs. 
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