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        Persistent roadway fatalities in the United States expose the limitations of reactive safety 

practice: engineering countermeasures are usually deployed after crashes accumulate and patterns 

emerge. The Safe System philosophy seeks to break this cycle by insisting that road environment 

be designed to proactively anticipate human error, and the International Road Assessment 

Programme (iRAP) Star Ratings materializes this philosophy by scoring every 100-meter segment 

on its ability to prevent human errors from happening and to tolerate these mistakes if they occur. 

Yet producing these ratings still relies on labor-intensive image annotation that covers only a few 

dozen kilometers per annotator per day. Meanwhile, vast archives of street-level imagery already 

blanket road networks at scale, and recent vision foundation models can segment objects they are 

not explicitly trained to recognize. Closing the gap between this technological capacity and today’s 
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slow-moving manual workflows—so that Star Ratings can be generated quickly, consistently, and 

at scale—forms the core mission of this dissertation. 

        To do so, this research pursues three tightly linked objectives. First, it diagnoses why existing 

computer vision pipelines fall short of iRAP needs, formalizes road environment perception as a 

domain task for safety assessment, and identifies the Segment Anything Model (SAM) as a 

promising backbone for exploration. Secondly, it designs pipelines that recast infrastructure 

recognition as a semantic segmentation task, enriching SAM with either domain-aware priors that 

guide mask labeling or tailored prompts that map infrastructure class descriptions, all while 

preserving the model’s zero-shot versatility. Thirdly, it integrates these methodological proposals 

into real-world workflows in elements of Safe System framework, demonstrating end-to-end 

scalability in agency contexts. 

        These goals materialize in three core contributions. Firstly, this dissertation demonstrates that 

emerging transportation big data sources, such as street-level images and connected vehicle data, 

streamline and automate key steps in road safety assessment, reducing manual effort while 

preserving analytical rigor for road infrastructure classes. Secondly, this dissertation introduces 

two vision pipelines that leverage tuning-free foundation models, augmented with domain priors 

and engineered class prompts, to steer semantic segmentation for infrastructure element 

recognition without task-specific fine-tuning. Grid-based sampling strategy first derives SAM’s 

class-agnostic masks, then injects domain knowledge through uncertainty-weighted votes from 

specialized domain models, and finally employs an iterative sampler to close coverage gaps for 

road infrastructure object classes, boosting their performances on the research dataset. Target 

sampling accelerates segmentation of high-priority infrastructure elements by pairing SAM with a 

multi-modal foundation model that converts engineered class descriptions into informative box 



 

and point prompts, eliminating post-hoc voting and achieving zero-shot transferability. Thirdly, 

this dissertation integrates the proposed vision pipelines into a unified probabilistic framework that 

quantifies recognition uncertainty of speed limit signs in street-level images, fuses these 

observations with connected vehicle data, models sampling- and penetration-rate variability, and 

estimates link-level posterior distributions of speed compliance risk at network scale. 

        In conclusion, this research underscores the imperative for automated safety assessment that 

places Safe Roads at the center of the Safe System paradigm, recasts that need as a road 

environment perception challenge, and formalizes the challenge as a tractable semantic 

segmentation problem. By combining data-driven priors, domain-tuned prompts, and uncertainty-

aware fusion, the proposed techniques harness vision foundation models to convert ubiquitous 

street-level imagery into a scalable source for iRAP-aligned safety assessments. The resulting 

pipelines accelerate network-wide safety assessments, have the potential to lower survey costs, 

and open new transportation-domain research frontiers on prompt engineering, foundation model 

customization, and multi-modal risk analysis. 
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4.5 CLIP Surgery112 is able to generate reasonably good heatmap by overcom-
ing issues as seen in Figure 4.4 and is able to process at higher resolutions
with flexibility, although this typically requires more computation. As res-
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erally covered by highlighted regions and instances of street lights are pin-
pointed in the SLI (compare panel b to panel e). However, for classes that
are not present in SLIs, the heatmap still produces highlighted pixels: CLIP
Surgery highlighted regions between electricity cables at 1,600px resolution
for tunnel (compare panel c to panel f ). This may be due to CLIP’s nature
of looking for similar features rather than objects. . . . . . . . . . . . . . . 111

4.6 Applying softmax to CLIP or CLIP Surgery’s similaritymap does not effec-
tively turn the similarity measure into absolute values that can be used for
selecting confident points via thresholding. While applying softmax func-
tion does help with class sidewalk (panel a), it introduces slightly more false
positive (FP) pixels for street light (panel b) on the poles and significantly
more FP pixels for tunnel (panel c) that are located in the sky and a building. 111

4.7 Grounding DINO produces bounding boxes that meet the spatial and se-
mantic alignment of image regions with the provided text, enabling precise
localization of objects or concepts described in the input. Stability and con-
fidence thresholds can be used to filter out less confident bounding box pre-
dictions, ensuring that only themost reliable and stable box locations are se-
lected based on the consistency of their alignment with the text description.
For example, Grounding DINO produces three bounding boxes for three
persons in the shadow (panel a) and these bounding boxes lead to success-
ful segmentation (panel b). Domain segmentation models fail to segment
persons at a similar quality. . . . . . . . . . . . . . . . . . . . . . . . . . . 112
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1
Introduction

1.1 Motivation

A persistent road‑safety crisis continues to imperil communities across the United States, de-

manding scalable and innovative solutions. Despite advancements in vehicle technology and

intelligent transportation systems (ITS), fatality rates have stagnated over the past decade,

with a troubling reversal of previously declining trends130. This situation stands in stark con-
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trast to peer nations that have achieved substantial reductions in traffic fatalities by adopting

comprehensive safety frameworks like the Safe System Approach193. The disparity suggests

a critical need to reevaluate how road safety is assessed and addressed in the country.

At the heart of proactive safety interventions as proposed in Safe System Approach and

similar protocols lies the ability to correctly identify road environment and infrastructure

and assess their contributions to crash risk52. These physical features of roadway environ-

ments, from pedestrian facilities and roadside objects to traffic control devices and intersec-

tion configurations, define the context that road users perceive andwhere their behaviors un-

fold. These elements can either mitigate or exacerbate the consequences of inevitable human

errors, ultimately determining the outcome of a mistake.

Safety assessments start by locating roadway features listed in protocols—such as the In-

ternational Road Assessment Programme (iRAP)79—that materialize broader conceptual

frameworks into concrete checklists. Traditional approaches rely on trained personnel to

review collected imagery that combine visual judgment with manual measurement tools.

Therefore, such efforts are constrained by their resource-intensive nature, limited geographic

coverage, and inherent subjectivity. These approaches, despite being thorough, cannot scale

to comprehensively cover the vast road network across diverse geographies or to keep pace

with evolving roadway infrastructure. The resulting patchwork of safety knowledge creates

critical gaps in the understanding of infrastructure safety risk, ultimately hindering targeted

interventions that could save lives.

The proliferation of street-level images (SLIs) presents an unprecedented opportunity to

transform infrastructure safety assessment208. These widely available visual data sources,

which are collected bymapping services, agency vehicles, and even crowd-sourced platforms,
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capture the contextual richness of roadway environments at scales previously unimaginable.

The visual documentation of roadway features across entire networks creates a digital record

that could theoretically support comprehensive safety evaluations without the constraints of

traditional resource-intensive procedures.

However, the promise of this emerging transportation big data source remains largely un-

fulfilled. Converting unstructured visual data into structured safety metrics requires over-

coming significant technical challenges. Infrastructure elements appear in SLIs with consid-

erable variation in perspective, lighting, occlusion, and geographic context. These elements

often blend into complex backgrounds, exhibit fragmented visibility, or appear as part of in-

tricate scenes that defy simple common approaches141. Conventional computer visionmod-

els, while effective and specialized in specific use cases, struggle with their poor capacity to

generalize beyond their training datasets, not to mention the nuanced requirements of in-

frastructure safety assessment protocols.

Recent breakthroughs in computer vision, particularly the emergence of vision founda-

tionmodelswith remarkable generalization capabilities, offer newpossibilities for automated

infrastructure assessment. These models are trained on visual and multi-modal data of un-

precedented scales and diversity101,116 and are found to demonstrate zero-shot recognition

abilities that couldpotentially overcomebarriers that have limitedprevious approaches. When

properly adapted to road safety assessment contexts, these models could enable consistent,

objective, and comprehensive evaluation of safety features across diverse roadway environ-

ments. The automated perception of roadway features from SLIs can greatly enhance exist-

ing safety databases by populating previously unavailable features without intensive manual

collection. This enables a more complete picture of infrastructure performance, allowing
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practitioners to model safety outcomes with precision and target interventions where they

will have maximum impact.

1.2 Background

1.2.1 Road safety assessment and iRAP Star Ratings

The road safety situation in the United States is alarmingly serious. Over the past decade, the

country has experienced a tragic loss of lives due to transportation incidents130. Themajority

of these deaths have occurred on streets, roads, and highways, reflecting a widespread issue in

roadway traffic. The year 2021 was particularly alarming, recording around 43 thousand fa-

talities inmotor vehicle crashes, which included a considerable number of pedestrian deaths.

This uptick in roadway fatalities signifies a distressing shift from a previously consistent 30-

year trend of decreasing fatality rates, with an especially sharp increase observed in 2020 and

2021. What isworse,more recent data fromNationalHighwayTrafficSafetyAdministration

(NHTSA) show that even when the pandemic was ending, this number of roadway fatalities

remained high in 2022129. Another concerning aspect of the situation is the stagnation in

the improvement of the fatality rate per hundred million vehicle miles traveled, which has

shown little improvement over the last decade. These statistics underscore the urgent need

for effective and comprehensive strategies to address and mitigate this road safety crisis. The

troubling trend in road fatalities and the disparities in the impact of these incidents highlight

the complexity of the issue and the necessity for multifaceted solutions130. Improving road

safety is imperative to prevent further loss of life and to ensure safer travel for all road users.

Safe SystemApproach is such a framework that aims to eliminate fatal and serious injuries

for all road users52. This conceptual framework has been adopted and proved effective in
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countries such as Norway, France, Sweden, Netherlands, and Australia by achieving 30-70%

reductions in traffic fatalities over the last 20 years193. While these countries now have the

lowest rates of roadway traffic fatalities per population worldwide, fatalities in the US were

only reduced by 5.6% during the same period. A core idea of Safe System Approach is to re-

focus the design and operation of transportation systems to proactively account for human

errors and reduce impact forces to tolerable levelswhen crashes do occur52. Its vision includes

five elements: safe speeds, safe roads, safe road users, safe vehicles, and post-crash care. In par-

ticular, safe roads seeks to implement features appropriate for the intended and actual road

use as well as the speed environment to reduce the likelihood of error and the consequences

of error; safe speeds is based on the fact that lower vehicle speedmeans reduced impact forces,

provides additional time for drivers to react and stop; and safe road users considers all road

users equally regardless of their travelmodes and urges all users to complywith rules and thus

act within the limits of the road system’s design. Among them, safe roads is the foundation

of road safety as they provide the physical environment that constrains and guides driving

behavior, setting the boundaries within which all road users must operate. Unlike other el-

ements, road infrastructure represents a relatively fixed constraint that directly shapes risk

exposure and influences both crash likelihood and severity outcomes. The design qualities of

the roadway—including alignment, cross-section, intersection configuration, and roadside

objects—establish the baseline safety conditions that other interventions must work within.

This element is also where transportation authorities can act most proactively upon through

planning, design, and implementation, while other elements all involve user behavior that is

inherently more variable and challenging to consistently influence through policy interven-

tions alone.
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In order to achieve Safe System andmodal priority decision-making aswell as performance

tracking, it is critical to collect low-cost data and set up safety performance metrics. The

International Road Assessment Programme (iRAP) Star Rating provides such a protocol

that facilitates this objective through a structured assessment of roadway infrastructure. It

is widely acknowledged and applied internationally, e.g., two of the Voluntary Global Road

Safety Performance Targets agreed by United Nations (UN) Member States are to ensure

all new roads are built to a 3-star or better standard for all road users (Target 3), and that

75% of all travel is conducted on the equivalent of 3-star or better roads for all road users by

2030 (Target 4)176. UN estimates that 450,000 lives will be saved every year if these targets

are achieved in practice. The Star Ratings protocol quantitatively evaluates road safety risks

through systematic coding of approximately 50 distinct road attributes at 100-meter inter-

vals. This evidence-based approach generates safety ratings from 1 to 5 stars for four road

user categories: vehicle occupants, motorcyclists, pedestrians, and bicyclists, with 5 stars rep-

resenting optimal safety conditions. iRAP variables can be grouped into six categories: road-

side objects (hazard proximity, rumble strips, shoulders); midblock design (carriageway con-

figuration, lane configuration, width, curvature, median type, skid resistance); intersection

configurations (geometry, control mechanisms, turning provisions); vulnerable road user fa-

cilities and land use (crossing infrastructure, sidewalks, motorcycle and bicycle paths); speed

management (speed limits, differentials, management measures); and flow environment (an-

nual average daily traffic, motorcycle/truck percentage, bike flow). These coded attributes

are processed through algorithms based on crash modification factors to calculate risk scores

that reflect both crash likelihood and potential severity. The derived Star Ratings provide

quantifiable metrics for identifying high-risk road segments, prioritizing safety investments,
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and tracking infrastructure safety performance over time. Despite its robustness, traditional

iRAP coding practices rely on manual annotation. Human annotators are only able to pro-

cess only 15-25km per day79 and require extensive quality management protocols to ensure

consistency. The process demands specialized training, technical infrastructure for viewing

geo-referenced imagery, and careful management of coder fatigue, collectively creating sub-

stantial resource demands and scalability constraints. These limitations are particularly prob-

lematic in resource-constrained environments where road safety assessment is oftenmost ur-

gently needed. The considerable resources required for human annotation—including train-

ing costs, quality assurance processes, and specialized equipment—have stimulated interest

in developing automated approaches that maintain analytical rigor while reducing resource

requirements and human variability in the coding process, thereby enhancing the accessibil-

ity and scalability of road safety assessment.

1.2.2 Emerging transportation big data

Emerging transportation big data offer unique potentials and reliable inputs for safety assess-

ments by their variety, volume, value, velocity, and veracity. Firstly, the variety of emerging

big data sources enables a vast pool of features, where each source offers unique angles to

describe road infrastructure and user activities. Satellite and aerial images provide compre-

hensive overhead views of the Earth’s surface. This capability allows for easymeasurement of

distances and is particularly useful for capturing geometric information and landuse patterns

at scale. These images are instrumental in modeling roadway design191, evaluating roadway

markings23, and collecting pedestrian infrastructure data76. On the other hand, street-level

images (SLIs), captured by mobile mapping systems, offer a detailed, localized view from the
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ground level. They provide rich contextual information essential for understanding and as-

sessing accessibility issues, signage visibility, and interactions among road users144,121. Thus,

while satellite and aerial images capture extensive geometric and land use data in a single snap-

shot, SLIs deliver granular, localized traffic and contextual information. Another example of

how emerging transportation data sources complement each other is seen between SLIs and

mobile LiDAR. SLIs are accessible and reliable for scene understanding, yet they often lack

the attributes necessary to derive accurate spatial information. For instance, calculating size

of objects and distances between an object and the camera in images generally requires cam-

era parameters. In large crowd-sourced datasets, however, access to such data is not guaran-

teed. Sophisticatedmethods are thus needed, e.g., (1) leveraging known reference objects like

standard traffic signs and vehicles whose dimensions are known166, (2) analyzing vanishing

points where parallel lines like roads converge103, and (3) performing featurematching across

multiple photos taken from different angles50. Yet, these methods are based on assumptions

that may not always hold in all scenarios. On the contrary, mobile LiDAR collects three-

dimensional point clouds by measuring distances with laser light. This three-dimensional

data allows for measurements of distances, elevations, and other critical dimensions22, and

help differentiate between objects thatmight appear similar in two-dimensional images, such

as poles and tree trunks, by providing depth information170. Moreover, LiDAR systems do

not rely on ambient light and can operate in low-light conditions or at night, unlike cameras

which require sufficient lighting to capture useful images26. This makes LiDAR a valuable

tool for continuous data collection across different times of day and in varying weather con-

ditions. Due to these unique capabilities, LiDAR has been applied to studying pavement

condition47,19, assessing sight distance92,98, extracting road geometry features161,113, and iden-
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tifying infrastructure objects77,114, among others.

Secondly, the coverage of emerging big data sources enables a full understanding of road-

way dynamics over various regions and time periods, while also capturing a wider range of

population activities. Traffic sensors,with improved robustness and reduced sizes, aremounted

onmobile sources, enabling data collection anywhere these vehicles can travel25,164. Thismo-

bility overcomes the traditional limitation of sensors being fixed to installed locations. An ex-

ample is the Location-based Service (LBS) data collection, which is facilitated byGPS sensors

built into mobile devices. Such datasets, collected on scales from cities to entire countries,

surpass the spatial limitations of traditional traffic datasets, which are typically confined to

highways andmajor arterials88,137. For instance, despite extensive studies and adoption, loop

detectors are restricted to instrumented locations on the highway network due to installation

and maintenance costs43,99. The expanded spatial coverage from newer technologies offers a

comprehensive view of traffic patterns, human mobility, and transportation trends across

entire regions, not just at spot locations onmajor roads. Additionally, advancements in tech-

nology provide extended temporal coverage through devices like cameras that continuously

stream and record traffic data57,13, eliminating the need for fixed analysis windows typically

used to define peak hours173. This allows for analysis of varying patterns at different time of

day and day of the week, which may arise from distinct causal factors and mechanisms74,205.

Moreover, the variety of user activities recorded by emerging data sources provides a contrast

to active data collection, which targets specific behaviors. Sources like LBS and video cameras

passively gather data with little bias, allowing for effective extraction of targeted events post-

collection. This approach reduces the marginal cost of capturing rare events, such as near-

misses used in traffic safety analysis. These near-miss events, which involve sudden evasive
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maneuvers to avoid conflicts and can escalate into collisions, are not included in traditional

data sources like crash reports but are increasingly identified in new datasets and found valu-

able in safety analysis. In LBS data, near-misses are detected by analyzing speeds between con-

secutive trajectory points against pre-defined thresholds80. In video data, they are identified

through metrics like time-to-collision (TTC), typically compared with thresholds, typically

between 1.5 seconds to 5 seconds96.

Thirdly, fine spatiotemporal granularity of emerging big data sources reveals real-time fac-

tors critical for safety analysis. These dynamic factors are highly sought after by statistical

models but always missing in traditional roadway inventory datasets, which typically only

have Average Annual Daily Traffic (AADT) surveyed once several years206. Telemetics and

LBS data are widely used to characterize traffic patterns and profiles160,221, recording vehicle

status variables and GPS pings at sub-minute frequencies via smartphones62,160 or even bet-

ter by vehicular onboard sensors48. Associated spatial error radius can also be controlled to

several meters in most situations. This brings three key benefits for creating traffic dynamic

feature creation: (1) enhanced spatial resolution, which reduces errors inmatching trajectory

points to roadway networks and improves the quality of features aggregated by segment or

intersection; (2) high-resolution status data, allowing for flexible aggregation with window

size ranging from minutes to hours; (3) the ability to generate new indicator variables such

as acceleration, which is approximated linearly by dividing the difference in speed over time

interval, enabling the identification of near-miss events such as hard braking80; and yaw rate,

which measures the lateral acceleration of the vehicle in degrees per second and is typically

collected by specialized sensors18, can be approximated as the linear rate of change in heading

and applied to a few types of vehicular conflict modeling81. Thus, this granularity opens up
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a pool of safety variables and they are of high quality. Compared to traditional traffic mea-

sures from loop detectors, AADT, and features recorded in crash reports206,33, these newly

available safety variables offer deeper insights into traffic conditions154, closely aligned with

real-time events. Similarly, video camera data also capture features of high temporal resolu-

tions, whether collected via by fixed sensors13 or on mobile sources96. Capturing dozens of

frames per second, these video data provide detailed user trajectories that enhance causation

understanding at intersections13,20, on selected highway segments104,58, and across entire net-

works26.

Fourthly, emerging big data sources utilize automatic data collection methods, signifi-

cantly reducing human errors and enhancing accuracy. Traditional datasets often rely on

human annotation and may suffer from measurement errors. For example, crash reports

could miss environmental details and inaccurately locate incidents; AADT estimates might

derive from inaccurate traffic counts in non-representative scenarios of the traffic flow; and

errors in roadway geometry measurements could result from incorrect sensor usage. Col-

lecting the real ground truth with traditional datasets is nearly impossible. In contrast, by

automating data collection, emerging big data sources address this issue by capturing data

with minimal bias consistently. While they may still be skewed due to penetration rates

and sensor errors, these sources comprehensively record all data for which the sensors are

designed, enabling robust downstream data mining for various purposes. A notable exam-

ple is travel surveys. Traditionally, these involve sampling individuals or households across

a study region, who then record demographic information, vehicles, and member activities;

members ages 5+ are asked to report their travel for a 24-hour travel period, with these periods

evenly distributed throughout the study time frame. Despite extensive quality controls, how-
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ever, this survey procedure is still prone to issues such as nonresponse61 andmisreporting185,

which can significantly impact the summarized insights critical for policy-making, such as

during the COVID-19 pandemic for assessing lockdown compliance. Therefore, LBS data

have been used to trackmobility patterns and curfew compliance126, offeringmore accurate,

timely, and scalable survey data.

Finally, emerging big data sources bring a critical advantage to safety analysis by captur-

ing longitudinal behaviors of individual road users, a dimension traditional methods fail to

track. Traditional datasets are limited to isolated snapshots without continuity: (1) a sin-

gle crash record includes the vehicles involved in the crash and these records are aggregated

per segment or intersection in crash databases for analysis purposes; (2) a single vehicle pas-

sage triggers a disruption at an inductive loop, which then increments the count by one and

records the speed, and loop detector database aggregates these information to every 20s or

30s to present volume, occupancy, as average speed; (3) a pedestrian pushes the push-button

to cross a street, and the dataset records this event with its associated timestamp. When the

pedestrian is impatient or unsure if the previous push is successful, multiple attempts may

be made and recorded111. These isolated data points cannot trace users’ movements before

or after incidents, hindering the extraction of deeper knowledge, e.g., who are driving on the

freeway network and if different demographic groups are represented equally and how a ve-

hicle gets caught in a crash and if this conflict can be predicted from the trajectory before the

event167. Emerging big data sources can capture user-specific trajectories, enabling the con-

struction of comprehensive driving profiles and movement trajectories15,6. This rich infor-

mation supports diverse applications such as commercial fleet management100,62,160, traffic

violation analysis152, near-miss detection80, and behavioral studies like jaywalking on high-
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ways123, work commute138, travel mode choices203. Video cameras also records longitudinal

data by capturing continuous user behaviors within their field of view, which facilitates so-

phisticated analyses like object detection87 and movement tracking192. This combination of

technologies offers unprecedented insights into road safety dynamics, significantly enhanc-

ing the predictive capabilities of safety models and interventions.

Compared to traditional datasets, emerging big data sources offer significant advantages:

(1) they display great variety enabling many to complement each other effectively; (2) they

provide extensive coverage across all road functional classes, over larger geographical areas,

various time periods, and diverse population activities; (3) they are collected at finer spa-

tiotemporal granularity describing dynamic traffic factors at another level; (4) they leverage

automatic data collection procedures that enhance accuracy; (5) they capture longitudinal

behaviors of individual road users, facilitating the generation of in-depth knowledge. Con-

sequently, these capabilities enable the proactive identification and management of risks in

line with the Safe System Approach, fostering safer traffic environments.

1.2.3 Road environment perception

Safe Roads is the foundation for other Safe System elements. For safe speeds, road design di-

rectly influences driver speed selection through visual cues, geometric constraints, and traf-

fic calming features. Well-designed roadways encourage appropriate speeds without relying

solely on enforcement. For safe road users, properly designed infrastructure reduces decision

complexity, provides clear guidance, and creates forgiving environments that accommodate

human error. Signs, markings, and geometric design all work together tomake correct behav-

ior intuitive. For safe vehicles, the road environment determines the effectiveness of vehicle
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safety systems. Advanced driver assistance systems and crash avoidance technologies can only

function optimally when operating within well-designed roadway environments with clear

delineation and predictable geometries. For post-crash care, road design impacts emergency

response through access provisions, shoulder width, and clear zones that facilitate rapid ar-

rival of first responders and safe extraction of crash victims. When done correctly, safe roads

establishes an environmentwhere human errors are less likely to occur and less likely to result

in serious injuries or fatalities when they do occur, making it the fundamental element upon

which all other aspects of the Safe System Approach depend.

To achieve safe roads and automated safety assessment for iRAP, the technical challenge of

road environment perception must be addressed, which involves identifying and categoriz-

ing physical infrastructure components in the driving environment using visual data sources.

This task involves the systematic detection, localization, and classification of critical road-

way assets across diverse urban and rural environments. It encompasses the identification of

diverse elements including traffic signs, signals, lane markings, guardrails, pedestrian facili-

ties, roadside barriers, drainage structures, and other components that collectively constitute

the built environment of roadways. The recognition translates raw imagery into structured

data catalogs that ideally can capture the type, location, condition, and context of each in-

frastructure element, such as required by iRAP79. The resulting digital inventory provides

a comprehensive baseline for monitoring infrastructure changes over time and supporting

predictive analytics for lifecycle management. By formulating infrastructure recognition as

a computer vision problem, we establish the technical foundation for developing scalable,

automated approaches to infrastructure inventory and condition assessment that can replace

labor-intensive manual surveys.
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To serve safety assessment protocols like iRAP, Street-level images (SLIs) have become

the standard data sources adopted by transportation authorities and recommended by estab-

lished rating practices; however, these visual assets have significant potential beyond their cur-

rent use in manual annotation. These images refer to systematically collected geo-referenced

photographs taken along roadnetworks that capture the viewof roadway environments from

a perspective similar to human vision208. Unlike video-based data sources, SLI data consists

of systematically collected discrete images that offer several distinct advantages for infrastruc-

ture analysis: (1) accessibility and cost-effectiveness: The unit costs of collecting and storing

image data continue to decrease, democratizing access to this valuable resource. Many SLI

sources are now available through public platforms or transportation agency archives with-

out requiring specialized collection equipment. For example,Washington State’s StateRoute

ImageCollectionprovides roadway imagery for the entire state highwaynetwork187. (2) com-

prehensive geographic coverage: SLI datasets span entire jurisdictions or regions, providing

complete network visibility beyond high-priority corridors. This extensive coverage enables

standardized analysis across diverse urban and rural contexts, eliminating the sampling bi-

ases inherent in selective data collection approaches. (3) temporal freshness: Many locations

are captured repeatedly over time, creating a multi-temporal database that enables analysis

of infrastructure condition trajectories and environmental changes. This temporal dimen-

sion allows for monitoring deterioration, evaluating maintenance interventions, and estab-

lishing baseline conditions for before-and-after comparisons. (4) human perspective view:

SLIs capture roadway elements from a perspective similar to how road users experience them,

making it valuable for understanding how infrastructure is perceived in its operational con-

text. This perspective alignment facilitates more intuitive interpretation of safety concerns
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and user experience factors than would be possible with overhead imagery alone. (5) stan-

dardized acquisition: Collection protocols ensure consistent image quality, positioning, and

metadata across large geographic areas, facilitating automated analysis at scale. This stan-

dardization reduces preprocessing requirements and improves the generality of recognition

models across different regions. (6) contextual richness: Images capture the broader road-

way context, including surrounding land use and operational characteristics that influence

safety performance. This contextual information provides valuable indicators for socioeco-

nomic status and human dynamics within cities, enabling multidisciplinary applications be-

yond pure infrastructure management209. (7) multi-source integration potential: SLIs can

be combined with other data sources like LiDAR and aerial imagery to create more com-

plex models. Integrating SLIs with aerial photographs creates complementary perspectives

that, when further enhanced with LiDAR point clouds and 3D geometry models, produces

a more complete representation of infrastructure elements in their spatial context.

Recognizing roadway infrastructure elements from SLIs has evolved significantly with re-

cent advances in computer vision and deep learning. Traditional computer vision techniques

that preceded deep learning models relied heavily on handcrafted features and classical ma-

chine learning classifiers for infrastructure recognition. The cornerstone of traditional ap-

proaches was the manual design of feature descriptors tailored to capture visual characteris-

tics of roadway infrastructure. For example, Histogram of Oriented Gradients (HOG) fea-

ture descriptor countes occurrences of gradient orientations in localizedportions of an image.

For infrastructure applications, HOG excels at capturing shape-based elements like traffic

signs by quantifying edge directions and intensities. However, HOG struggles with complex

backgrounds and lighting variations common in roadside environments14. Scale-Invariant
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Feature Transform (SIFT) generates distinctive local features invariant to image scale, rota-

tion, and partially invariant to illumination changes. This makes SIFT valuable for identi-

fying consistent infrastructure elements across different viewpoints and conditions. SIFT

keypoints are particularly useful for recognizing textured infrastructure with distinctive pat-

terns, though the computational complexity limited real-time applications. These extracted

features were then fed into traditional machine learning algorithms for classification or pre-

diction. SupportVectorMachines (SVMs) arewidely used to classify infrastructure elements

based on extracted features, finding optimal hyperplanes to separate different classes (e.g., dif-

ferent types of traffic signs). While effective for well-defined categories, SVMs struggled with

the high intra-class variance present in aged or non-standard infrastructure29. Despite lim-

ited success with carefully calibrated systems for specific use cases, these traditional methods

faced significant challenges during application,making them inadequate for large-scale, auto-

mated infrastructure recognition across diverse transportation networks, particularly when

inventorying aging or non-standard elements. For example, deep domain expertise is typi-

cally needed to design features that would capture the essential visual characteristics of dif-

ferent infrastructure elements. This process was laborious and often required iterative re-

finement for each specific type of infrastructure. What is worse, this process is required for

every combination of environmental factors due to poor generalization and sensitivity to vi-

sual variability: even within the same county, Seattle’s complex interchange bridge structure

is drastically different from North Bend’s mountain roads (as in Figure 1.1. Similarly, when

weather drifts away from controlled conditions similar to these models’ training examples

or when real-world infrastructure exhibits enormous visual variability due to aging, damage,

maintenance practices, regional design variations, and environmental factors, performances
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(a) SLI on I‐5 freeway in Seattle (b) SLI on SR202 in North Bend

Figure 1.1: Amount of details and level of complexities in SLIs can be drastically different for pre‐DL models: (a) Seattle’s
I‐5 freeway exhibiting a complex underpass with height restriction signage and curving roadway, (b) North Bend’s SR202
displaying a simpler suburban road with clear lane markings and mountain backdrop.

of traditional models can degrade dramatically due to these novel situations, such as unusual

lighting, weather conditions, or non-standard infrastructure variants. It is impossible to plan

for all potential combinations and thus handcraft features for all of them beforehand. An-

other issue with these traditional methods is modular processing, where feature extraction

and classification are treated as separate stages. This prevents end-to-end optimization and

limits the ability to learn complex relationships between visual attributes and infrastructure

categories.

Deep learning (DL) models overcome the drawbacks of traditional approaches by auto-

matically learning hierarchical representations directly from data without requiring hand-

crafted features. This paradigm shift provides several critical advantages for roadway infras-

tructure recognition: (1) end-to-end learning: DL models jointly optimize feature extrac-

tion and classification, eliminating the need formanual feature engineeringwhile discovering

more discriminative representations34. (2) hierarchical feature learning: Networks automat-

ically learn representations atmultiple levels of abstraction, from low-level edges and textures

to high-level semantic concepts, capturing the complex visual patterns of diverse infrastruc-

18



ture elements67,55. (3) contextual understanding: Deep architectures incorporate spatial con-

text across different receptive fields, enabling more robust recognition even when infrastruc-

ture elements are partially occluded or appear in challenging environments69. (4) invariance

to visual variations: Through data augmentation and architectural innovations like convolu-

tional operations,DLmodels develop robust features thatmaintainperformance across view-

point changes, lighting conditions, and scale variations135. (5) transferrability: Pre-trained

models can transfer knowledge from large-scale datasets to specific infrastructure recognition

tasks, significantly reducing the amount of domain-specific labeled data required. Within

our context of roadway infrastructure recognition from SLIs, DLmodels can be categorized

into two groups with distinct capabilities and applications. Object detection models iden-

tify and localize discrete infrastructure elements within images using bounding boxes paired

with class predictions. They have been used widely for (1) detecting and classifying count-

able infrastructure elements such as traffic signs and cars, (2) providing spatial localization

through coordinate-based bounding boxes. Region-based CNNs (R-CNN family) features

two-stage detectors that generate region proposals first and then classify each region66,147.

They typically offer higher accuracy for infrastructure elements with variable sizes and as-

pect ratios, such as traffic signs at different distances68. Single Shot Detectors (SSD) features

one-stage architectures like SSD117 and YOLO (You Only Look Once)146 prioritize speed

by making predictions in a single forward pass, enabling efficient processing of street-level

imagery for rapid infrastructure assessment. In particular, YOLO revolutionized object de-

tection by reframing it as a regression problem, simultaneously predicting bounding boxes

and class probabilities in a single network pass. Classic iterations progressively improved the

architecture with feature pyramid networks, advanced backbones, and anchor refinements.
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They excel at real-time processing of SLIs, enabling mobile or vehicle-mounted systems to

identify traffic signs, signals, and roadside safety elements at highway speeds146. More re-

cent versions incorporate transformer elements, enhanced feature aggregation, and advanced

training techniques. They demonstrate superior performance in detecting small objects. Fea-

ture PyramidNetworks (FPN): These architectures explicitly handle multi-scale feature rep-

resentation, improving detection of infrastructure elements that appear at vastly different

scales in street-level imagery. Despite their success, object detection models do not apply

well to our goal because they (1) only provide approximate localization through rectangular

bounding boxes; (2) cannot distinguish between touching or overlapping infrastructure ele-

ments; (3) present limited ability to analyze the shape, condition, or precise boundaries of ele-

ments; (4) donot support area-basedmeasurements or continuous feature analysis. Semantic

segmentation models, on the other hand, classify every pixel in an image, providing detailed

delineationof infrastructure element boundaries. Because of their nature, this groupofmod-

els fit better for roadway infrastructure element recognition, because they precisely map the

spatial extent and shape of both discrete and continuous infrastructure elements. This facili-

tates comprehensive scene understanding for complex roadway environments because many

infrastructure objects appear in non-traditional shapes in SLIs. Fully Convolutional Net-

works (FCNs) pioneered end-to-end segmentation by replacing fully connected layers with

convolutional layers, enabling pixel-wise prediction across entire images229. This family of

models introduced the critical concept of skip connections that combine deep semantic in-

formation with shallow spatial information, allowing the recovery of fine details for precise

boundary delineation. Their architecture transformed image segmentation by demonstrat-

ing that classificationnetworks couldbe adapted for dense prediction taskswhilemaintaining

20



spatial information throughout the network120. Encoder-Decoder Networks (U-Nets) em-

ploy symmetric pathwayswith skip connections to preserve spatial details, which is crucial for

precisely delineating object boundaries in complex scenes. The encoder path progressively re-

duces spatial resolution while capturing context, while the decoder path recovers the original

resolution through upsampling operations, creating a U-shaped architecture that balances

feature extraction with spatial precision. Initially developed for biomedical image segmenta-

tion, U-Net’s balanced design has proven remarkably versatile across domains where bound-

ary precision directly impacts downstream applications71. Deeplab family is another series

of models that progressively addressed fundamental challenges in dense prediction through

innovative techniques for multi-scale processing and contextual reasoning. DeepLabv1 in-

troduced atrous (dilated) convolutions to expand receptive fields without downsampling,

while DeepLabv2 added atrous spatial pyramid pooling (ASPP) to capture objects at multi-

ple scales with parallel dilated convolutions37. DeepLabv3 further refined the ASPPmodule

with batch normalization and image-level features, whileDeepLabv3+ incorporated an effec-

tive decoder module for recovering object boundaries with higher precision39. Deeplabv3+

is widely used as benchmark for newer models. Transformer-based models incorporate at-

tention mechanisms to focus on the most relevant parts of an image, improving recogni-

tion of fine details and modeling complex spatial relationships. SegFormer combines effi-

cient transformer encoders with lightweight multilayer perceptron decoders, eliminating the

need for positional encodings while achieving excellent performance with significantly re-

duced computational complexity195. MaskFormer introduced amask classification approach

that unifies semantic and instance segmentation by predicting a set of binary masks along-

side corresponding class predictions42. Mask2Former further advanced this paradigmwith a
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Transformer decoder containing masked attention, enabling precise mask prediction across

semantic, instance, and panoptic segmentation tasks within a single architecture41. These

transformer-based approaches represent a fundamental shift from pixel-level classification to

mask-level prediction, demonstrating superior performance in capturing long-range depen-

dencies and handling complex scene compositions. Semantic segmentationmodels generally

have higher computational demands than object detection approaches because probabilities

across all candidate classes need to be calculated for each pixel; require pixel-level annotations,

which are more labor-intensive to create; do not distinguish between individual instances of

the same class. To summarize, the major differences between object detectionmodels and se-

mantic segmentationmodels include (1) their different output format, with object detection

producing bounding boxes and class labels for discrete elements and semantic segmentation

generating dense pixel-wise classifications for the entire scene; (2) localization precision of ob-

jects, with object detection providing approximate localization while semantic segmentation

offering pixel-perfect boundary delineation in the ideal case; (3) annotation requirements

differ, with object detection requiring annotation per bounding box, more efficient to create

than the pixel-level masks needed for segmentation.

Foundation models represent the next generation, characterized by their unprecedented

scale and diversity of training data. Unlike conventional deep learning models trained on

domain-specificdatasets, foundationmodels are trainedonvast, diverse collectionsofdatasets

spanning multiple domains to develop general-purpose representations that capture univer-

sal visual concepts and relationships. This paradigm shift from narrowly focused supervised

learning to broad self-supervised or weakly-supervised pretraining enables these models to

develop emergent capabilities that transfer remarkably well across tasks with minimal adap-
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tation. Models like CLIP (Contrastive Language-Image Pre-training)143 learn aligned repre-

sentations across vision and language inputs through contrastive learning onover 400million

image-text pairs, enabling zero-shot recognition capabilities through natural language super-

vision. SAM (Segment Anything Model)102, trained on over 11 million annotated images,

demonstrates remarkable generalization to unseen segmentation tasks through its prompt-

based architecture, allowing users to specify objects of interest using points, boxes, or text.

DINOv2134 and other self-supervised models learn rich visual representations without ex-

plicit labels by solving pretext tasks across vast image collections, developing emergent ca-

pabilities that transfer robustly across visual domains. A trend of foundation models is to

incorporate multi-modal information, designing multiple perception channels to simulta-

neously process and align representations across modalities like vision, language, audio, and

even 3D data. For example, vision-language models like BLIP-2109 combines image under-

standing with language comprehension, allowing for more nuanced interpretation of visual

content through natural language reasoning. This cross-modal fusion enables capabilities

such as visual question answering, image-grounded dialogue, and detailed image captioning

that captures semantic nuance beyond what either modality could achieve independently.

One biggest benefit of multi-modality is transferability across domains and tasks. Models

trainedondiverse data collections develop representations that generalize effectively to down-

stream applications with minimal finetuning. For instance, GPT-4V5 extend large language

model capabilities to visual inputs, enabling systems to reason across modalities and perform

complex tasks like visual programming, document understanding, and multi-step reasoning

about visual scenarios.

Recognizing roadway infrastructure via automatedmethods and through the lens of emerg-
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ing data sources, especially SLIs, has its unique challenges. First of all, SLIs depict complex

scenes of urban streets or highways, which could include varying architectural styles, multi-

tudes of vehicular and pedestrian traffic, as well as roadside elements like signage and land-

scaping. The lighting in SLIs can vary dramatically within the same scene due to natural

factors such as the time of day and weather conditions. This variation affects how objects

are illuminated and leads to unclear boundaries of them. Shadows, glare, and reflections can

obscure the object edges, making it challenging to distinguish one object from another, es-

pecially in crowded urban settings. In other domains such as medical research and remote

sensing, this is of a lesser problem as images are either taken in controlled environments or

the position of camera eliminates the issue21,211. Secondly, infrastructure elements are typi-

cally positioned in the background within SLIs, while dynamic road users occupy the fore-

ground. This is concerning as mainstream research and applications in traffic sensing and

autonomous driving prioritize the immediate surroundings of the ego-vehicle. This includes

objects that directly affect the vehicle’s path and immediate decisions, such as pedestrians

crossing the street or vehicles merging into the lane and signaling a turn. As a result, critical

infrastructure elements in the background has received less attention in the model develop-

ment, as demonstrated by the taxonomy of roadway infrastructure being far simpler and un-

developed than road user classes in open-sourced datasets182,26,45. This spatial arrangement

might also lead to a depth perception challenge where distant but significant infrastructure

objects are underrepresented. Thirdly, unlike road users whose shape and appearance follow

patterns, infrastructure elements can exhibit much more diverse and challenging patterns in

shapes, orientations, colors, textures, sizes, among others. One critical difference worthmen-

tioning is road users typically are countable objects, i.e., things, that have an expected size
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within SLIs; but infrastructure elements could be things, such as traffic signs or trash bins,

or stuff that can occupy large portions of the scene, such as sidewalk and lane markings. A

guardrail for example could be at a similar positionwithin SLIs as a bench and they even have

similar structural patterns, but they belong to entirely different categories and have entirely

different safety implications. Objects belonging to the same taxonomy class could also ex-

hibit entirely different patterns by geography. For example, some freeway streets lights are

mounted on huge towers rather than short poles, trying to light a larger area and appear in

disc shapes. Positioned in the background of complicated scenes and varied in shapes and ap-

pearances, infrastructure elements often appear fragmented and thus likely exhibit multiple

objectives of the target class, disqualifying many DL models that are designed for instance

and panoptic segmentation. Lastly, taxonomy of infrastructure elements in open-sourced

datasets (if present) can confuse models, which may necessitate the use of advanced global

contextual modeling. For example, several pieces of white lane marking could indicate bro-

ken white line that separates lanes moving in the same direction, or they could also indicate

crosswalks at intersections. Deciding if they belong to the same class and accurately produc-

ing their classes might refer to the detection of other elements like traffic signals and might

need global understanding of the directions of these white lane marking pieces.

In summary, our discussion of infrastructure element recognition has presented its role

for safety assessment, data, models, and challenges. First of all, it determines the success of

automated safety assessment by translating unstructured visual data into structured catalog

detection results. SLIs emerge as an optimal data source, featuring comprehensive cover-

age, human-perspective views, and high spatial-temporal resolution. DL models have been

trained and tested on domain datasets but still suffer from genelizability, while foundation
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models offer a promising frontier to transfer knowledge acquired frommassive-scale pretrain-

ing to this application domain. The challenges of recognizing infrastructure elements in SLIs

is unique, particularly the presence and equal importance of both countable “things”, e.g.,

traffic signs, and uncountable “stuff”, e.g., sidewalk. Based on these challenges, semantic seg-

mentation fits our task better given its design to produce pixel-level labels.

1.3 Research gap

The promise of applying computer vision to facilitate automated road safety assessment has

long been hindered by several limitations. First, object detectionmodels are more widely un-

derstood and easier to implement but face inherent constraints—they can only detect count-

able objects like signal lights, traffic signs, and vehicles. This approach fails to capture crucial

continuous elements such as road surfaces, lanemarkings, and roadside sidewalks that signifi-

cantly impact safety ratings in iRAP assessments. Second, semantic segmentationmodels of-

fer comprehensive analysis but remain unsatisfying for deployment. Despite improving per-

formance metrics in controlled research environments, these domain-specific models reveal

alarming fragility when confronted with the infinite variability of global road infrastructure.

This limited capacity to generalize has kept semantic segmentation technologies from being

applied to practical road safety frameworks like iRAP. For example, as shown in Figure 1.2

comparing outputs of two domain segmentation models DeepLabv3+ and Mask2Former,

they produce inconsistent segmentation of critical safety elements—traffic lights appear with

varying shapes and boundaries, road surfaces lack distinction between safe and hazardous ar-

eas, and even vehicle boundaries are imprecisely defined. The most serious shortcoming lies

in their ambiguous segmentation of infrastructure elements such as guard rail on the side of
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street, lane markings for crosswalks, small traffic signs, and poles in the distance. This is why

these domain segmentation models have not be trusted for safety-critical applications where

better identification of infrastructure elements are expected as they contribute directly to

safety risk assessment.

The following unique challenges have hindered domain models from reaching satisfying

performance levels. First of all, SLIs depict complex scenes of urban streets or highways,

which could include varying architectural styles, multitudes of vehicular and pedestrian traf-

fic, as well as roadside elements like signage and landscaping. The lighting in SLIs can vary

dramatically within the same scene due to natural factors such as the time of day andweather

conditions. This variation affects howobjects are illuminated and leads tounclear boundaries

of them. Shadows, glare, and reflections can obscure the object edges, making it challenging

to distinguish one object from another, especially in crowded urban settings. In other do-

mains such as medical research and remote sensing, this is of a lesser problem as images are

either taken in controlled environments or the position of camera eliminates the issue21,73,211.

Secondly, infrastructure elements are typically positioned in the background within SLIs,

while dynamic road users occupy the foreground. This is concerning as mainstream research

and applications in traffic sensing and autonomous driving prioritize the immediate sur-

roundings of the ego vehicle. This includes objects that directly affect the vehicle’s path and

immediate decisions, such as pedestrians crossing the street or vehicles merging into the lane

and signaling a turn. As a result, critical infrastructure elements in the background has re-

ceived less attention in the model development, as demonstrated by the taxonomy of road-

way infrastructure being far simpler and undeveloped than road user classes in open-sourced

datasets182,26,45. This spatial arrangement might also lead to a depth perception challenge
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where distant but significant infrastructure objects are underrepresented. Thirdly, unlike

road users for which prior knowledge of shape and appearance typically exists115, infrastruc-

ture elements can exhibitmuchmore diverse and challengingpatterns in shapes, orientations,

colors, textures, sizes, among others. One critical difference worth mentioning is road users

typically are countable objects, i.e., things, that have an expected size within SLIs; but infras-

tructure elements could be things, such as traffic signs or trash bins, or stuff that can occupy

large porpotions of the scene, such as sidewalk and lane markings. A guardrail for example

could be at a similar position within SLIs as a bench and they even have similar structural

patterns, but they belong to entirely different categories and have entirely different safety im-

plications. Objects belonging to the same taxonomy class could also exhibit entirely different

patterns by geography. For example, some freeway street lights are mounted on huge towers

rather than short poles, trying to light a larger area and appear in disc shapes. Positioned in the

background of complicated scenes and varied in shapes and appearances, infrastructure ele-

ments often appear fragmented and thus likely exhibit multiple objectives of the target class,

disqualifying many DLmodels that are designed for classical instance and panoptic segmen-

tation. Lastly, taxonomy of infrastructure elements in open-sourced datasets (if present) can

confuse AI/ML, whichmay necessitate the use of advanced global contextual modeling. For

example, several pieces of white lane marking could indicate broken white line that separates

lanes moving in the same direction, or they could also indicate crosswalks at intersections.

Deciding if they belong to the same class and accurately producing their classes might refer

to the detection of other elements like traffic signals andmight need global understanding of

the directions of these white lane marking pieces.

The emergenceof foundation segmentationmodels like SegmentAnythingModel (SAM)101
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(a) Deeplabv3+ (b)Mask2former

Figure 1.2: Domain models prioritize different aspects of semantic segmentation quality: (a) Deeplabv3+ extracts better
boundaries for objects while (b) Mask2former produce more coherent masks. They agree on most objects in the scene but
disagree on road infrastructure elements, e.g., guardrail, pole, etc. This is a major limitation preventing them from being
applied to automated safety assessment.

has opened a revolutionary frontier in computer vision, offering unprecedented generality

across visual domains that traditional models cannot match. These models demonstrate re-

markable capability to identify and segment any object in an imagewith precision that adapts

to diverse environments—functioning effectively regardless of geographic region, lighting

conditions, or infrastructure styles. For road safety professionals long frustrated by the lim-

ited performance of domain-specific models, these foundation models represent not merely

an incremental improvementbutpotentially aparadigmshift in assessment capabilities. How-

ever, two gaps limit the direct application of these foundation models to road safety assess-

ment contexts. Firstly, while SAM demonstrates extraordinary ability at producing precise

segmentationmasks, these masks remain class-agnostic, i.e., the model only delineates object

boundaries without possessing any domain knowledge or understanding their significance to

road safety frameworks. For example, Figure 1.3 shows how SAM produces masks in a zero-

shot fashion for six SLIs in a widely researched dataset131. While SAM does not possess any
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knowledge of the domain or this dataset, the masks it produces are of high quality, captur-

ing each individual object that appears in the scene: tire, window, door, lane marking, traffic

sign, street light, pole, manhole, building, guardrail, curb cut, and grass lawn. Boundaries

of SAM masks are in general better than those of the domain model. This creates a critical

disconnect between segmentation and interpretation: a guardrail, a pedestrian crossing, and

roadside vegetation might all be perfectly segmented with pixel-perfect precision, but with-

out classification into domain-specific taxonomies that are connected to iRAP assessment

protocols, these masks remain essentially unusable for practical safety evaluation. The seg-

mentation itself, while technically impressive, lacks the semantic meaning required for safety

rating protocols. Secondly, despite their remarkable capabilities, foundation models operate

on a prompt-driven paradigm that requires strategic guidance to focus their attention effec-

tively, particularly when applied to specialized and complicated domains like infrastructure

element recognition in SLIs. This prompting dependency creates a new research challenge

that remains largely unexplored: what forms of prompts are themost effective? what are nec-

essary components of a successful template for optimal prompts? The absence of established

prompting templates for infrastructure assessment creates a gap between foundation model

potential and practical deployment for road safety applications.

1.4 Outline

The goal of this dissertation is to customize vision foundation models for road environment

perception in the context of roadway safety assessment by automating the recognition of road

infrastructure elements. The broad context of road safety assessment and Road Assessment

Programme (RAP) protocols is discussed and their challenges are comprehensively summa-
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Figure 1.3: Examples of domain segmentation model (Deeplabv3+) vs. SAM. The four columns from left to right are (a)
original SLIs, (b) ground truth labels, (c) domain model results, and (d) SAM results. Notice SAM masks are of high quality
even though it has not seen this dataset in its training. The domain model has seen these data during training.

rized. Two approaches adapting vision foundation models to this context are proposed, ex-

perimented on surrogate research datasetes, and thoroughly analyzed. This dissertation fur-

ther demonstrates the practical value of proposed pipelines by integrating themwith external
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emerging data sources to create more robust analytical frameworks for elements in Safe Sys-

tem Approach. While this work does not fully bridge the gap between these vision founda-

tionmodels and fully automated iRAP coding, it proves a significant step forward by demon-

strating that vision foundation models can be effectively customized to this specialized task.

The contributions and and organization of following chapters are as follows.

Chapter 1 describes the United States’ road-safety crisis and shows that current frame-

works such as the iRAP Star Rating still rely on labor-intensive, image-by-image annotation

of roadway elements to support the Safe System approach. Because this manual process is

slow, costly, and hard to scale, the chapter argues that applying vision foundation models to

large-scale street level imagery dataset offers a paradigm shift toward fully automated infras-

tructure inventories. It pinpoints two open research gaps of this adaptation to road environ-

mentperceptiondomain thatmust be solvedbefore thesemodels can serve road-environment

perception, thereby setting the agenda for the rest of the dissertation.

Chapter 2 reviews literature of existing efforts to automate iRAP Star Ratings, summa-

rizes automated road environment perception from SLIs, and presents classic DL and recent

vision foundation models along with their evolution. Gaps are identified in the current ap-

proaches for automating roadway assessment with computer vision models, for addressing

unique challenges of infra element recognition from SLIs, and for tailoring vision founda-

tion models to road safety applications.

Chapter 3 integrates foundation segmentation models with domain priors in grid sam-

pling mode, which corresponds to SAM’s “everything mode” and is designed for novice an-

notators unfamiliar with the dataset. In this configuration, the system automatically gener-

atesmasks for all visible road infrastructure elements without requiring specific prompts, en-
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abling annotators to quickly familiarize themselves with the full range of detectable features.

Results demonstrate that incorporating domain-specific knowledge priors can significantly

enhance classification accuracy by up to 22% for masks produced by foundation models of

certain infrastructure element classes. Additionally, iterative sampling techniques, which

refine initial detections through successive passes, are found to be effective in further per-

formance improvement, particularly for small or partially occluded infrastructure elements

critical to safety assessments.

Chapter 4 introduces an efficient way to incorporate multi-modal input for the pipeline

to boost adaptive sampling, enabling to SAM’s “anything mode” and is designed for expe-

rienced annotators focusing on specific categories that are important yet easy to overlook.

This approach simulates a future scenario where annotators could generate text descriptions

of infrastructure elements through typing or speech and feed these natural language prompts

directly into the proposed pipeline. Experimental results reveal that introducing this second

foundation model to process multi-modal input and thus the second modality overcomes

two key limitations of grid sampling with domain priors: first, it significantly improves mask

coverage which can be a limiting factor for small and distant objects in “everything mode“;

second, it effectively lifts the dependency on domain priors and thus avoids their false confi-

dence from training. Further analysis identifies themost efficient form of prompts for SAM,

showing interactionbetweenvariousmodes of input. The last sectionof this chapter presents

a mini case study, where stakeholders requested the identification of a specific subset of road

infrastructure elements along its highway network. The proposed pipeline demonstrated

both effectiveness and efficiency in meeting the intended objectives, while maintaining ex-

tensibility for similar applications, without retraining/finetuning the DLmodels included.
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Chapter 5 develops a framework that fuses connected vehicle data (CVD) with automati-

cally parsed SLIs to create a probabilistic, link-level picture of speed compliance. Aprocessing

pipeline cleans andmap-matchesCVD trajectories, filters for free-flow conditions, and boot-

straps percentile speeds while a computer visionmodule detects speed limit signs (or variable

speed states) and assigns confidence scores. These two streams are wrapped in a Bayesian

Monte-Carlo layer that propagates fleet penetration, sampling rate, and sign detection un-

certainties to produce full posterior distributions of the compliance gap and the exceedance

probability. The resulting risk layer supports context-sensitive speed limit setting, feeds into

iRAP Star Rating protocols, and flags segments where fresh imagery or field audits would

most improve decision confidence. By coupling dynamic operating speeds with visually de-

rived roadway context under an explicit uncertainty model, the chapter advances Safe Sys-

tem analytics from static point estimates to continuously updating, credibility-banded safety

metrics.

Chapter 6 synthesizes thedissertation’s keyfindings, showinghowvision foundationmod-

els can be customized without task-specific finetuning for road environment perception, a

domain task of safety assessment. It highlights the zero-shot capabilities of the proposed

pipelines, maps each capability to iRAP use cases, and situates the contributions within

current Safe System practice. The chapter concludes by identifying research frontiers such

as uncertainty-aware multi-sensor fusion, continual model adaptation, and policy feedback

loops that integrate real-time infrastructure and behavioral data.
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2
Literature review

2.1 Overview

This chapter reviews literature in three aspects, roughly following the components and their

order in Section 1.2. The first section reviews iRAP Star Rating protocol by introducing its

variables related to safe roads and thus infrastructure elements, as well as the state-of-the-art

research and practices attempting to automate this procedure. The second section reviews
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SLIs as an emerging transportationbig data source and general research looking into semantic

segmentation using SLIs. Distinction between semantic segmentation and object detection,

as well as distinction between semantic segmentation and other segmentation schemes are

more formally discussed. Unique challenges introduced in Section 1.3 will reveal themselves

during the review of relevant SLI datasets and applications. The last section of the chap-

ter emphasizes the review of semantic segmentation models, from pre-DL models, to Deep

Learning (DL) domainmodels, and finally vision foundationmodels. In particular, Segment

Anything Model (SAM)101 is described in greater detail, as well as existing works that adapt

SAM to their corresponding domains, even though they are not safety-, infrastructure-, or

even civil-related.

2.2 iRAP Star Ratings

The International Road Assessment Programme (iRAP) Star Rating protocol has emerged

as a globally recognized methodology for evaluating road infrastructure safety. This section

presents a comprehensive list of the protocol’s variables before narrowing down on the vari-

ables related to safe roads and infrastructure elements, which form the foundation of sys-

tematic road safety assessment. Due to the amount of literature contributing to road infras-

tructure object segmentation/detection, e.g., traffic signs, bridges, and barriers, with various

kinds of emerging transportation big data sources, e.g., LiDAR, SLIs, GPS, and satellite im-

ages, we limit the discussion to research directly mentioning iRAP process.
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2.2.1 Current rating practices

iRAP Star Rating199 involves evaluating approximately 50 different road attributes across six

major categories: roadside severity, mid-block design, intersection configuration, vulnerable

road user (VRU) facilities and land use, speed management, and flow environment. Each

attribute is coded according to specific criteria to objectively assess safety risks and identify

potential countermeasures. This systematic approach to road safety assessment enables the

identification of high-risk road sections and the prioritization of cost-effective countermea-

sures to reduce fatalities and serious injuries. Annotation in iRAP, referred to as “coding”,

is a manual process where trained personnel assess road safety by analyzing geo-referenced

images for each 100-meter road segment. This process requires coders to analyze detailed im-

ager, record specific attributes for each segment, apply standardized criteria with defined risk

categories, identify worst case scenarios within segments, andmake precise measurements of

features such as lane width and roadside hazard distances. Human biases and errors requires

rigorous quality standards includingmultiple levels of review (peer, supervisor, independent)

and systematic data validation before final acceptance.

Several factors make large-scale implementation of manual iRAP coding difficult. The re-

source intensity is significant, with a single experienced coder only processing 15-25km per

day, meaning a 3,000km road network requires a team of 4-6 coders working for at least one

month. The expertise and training requirements are substantial, with coders needing road

engineering backgrounds, specialized training in the iRAP procedure, and consistent inter-

pretation of standards across coders requiring ongoing supervision. Operational constraints

further limit scalability, with fatigue management requiring coding shifts, the need for dedi-

cated workspace with specialized equipments, and additional time required for collaborative
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review sessions. This resource intensive nature of the process makes it expensive to deploy

worldwide, particularly in developing countries which often have the highest road fatality

rates but may lack resources for full implementation. The need for regular reassessment of

road networks adds to the long-term cost, making it difficult to achieve comprehensive cov-

erage in many regions. These scalability challenges highlight the need for more efficient ap-

proaches to road safety assessment that maintain the comprehensiveness and objectivity of

the iRAPmethodology while reducing the resource intensity of manual annotation.

TheRoadside category focuses on the severity of potential hazards adjacent to the roadway,

considering both the type of roadside object and its distance from the lanes of travel. Objects

are ranked from highest risk, e.g., cliffs, trees, and rigid structures, to lowest risk, e.g., safety

barriers, with distance measured in four bands, i.e., 0-1m, 1-5m, 5-10m, and ≥10m. This

systematic approach recognizes that the risk of roadside objects diminishes with increased

distance from the travel lane.

Mid-block attributes constitute the largest category, mainly describing the physical char-

acteristics of road segments between intersections. Key variables include carriageway type,

median type, road condition, delineation quality, sight distance, lane configurations, and

curvature. For example, the quality of a curve is assessed based onwhether signage andmark-

ings effectively help drivers judge curvature and adjust their speed accordingly. Adequate

delineation is critical at night, as it enables drivers to anticipate changes in road alignment

and conditions.

Intersection configuration involves the type, quality, channelization, and volume of inter-

secting roads. The methodology acknowledges the complexity of intersections, particularly

in urban environments, by evaluating how many points of potential conflict exist between

38



traffic flows. Intersection quality is determined by how well drivers can anticipate intersec-

tion conditions, with factors such as advance warning, signing, markings, and sight distance

all being considered.

The Vulnerable Road User (VRU) facilities and Land Use category addresses infrastruc-

tureprovisions forpedestrians, cyclists, andmotorcyclists, recognizing these roadusers’ height-

ened vulnerability. This includes specialized facilities such as pedestrian crossings, sidewalks,

bicycle lanes, and motorcycle paths. The coding also captures surrounding land use patterns

(educational, commercial, residential, etc.) as these influence the likely presence andbehavior

of vulnerable road users, especially pedestrians.

Speed management attributes record both posted speed limits and estimated operating

speeds, acknowledging that the two often differ. This category also considers speed differ-

ences between vehicle types and the presence of speed management features that might re-

duce operating speeds below posted limits. The focus on speed reflects its fundamental role

in crash outcomes and injury severity.

Lastly, the Flow category quantifies the presence of various road users, including motor-

cyclists, bicyclists, and pedestrians, providing essential data for predicting crash likelihood.

In addition to common measures adopted for vehicular traffic like annual average daily traf-

fic (AADT), this category requires estimate of motorcycle percentage, as well as bicycle peak

hour flow and pedestrian flow crossing the street and along street on both driver and passen-

ger side of traffic.

Contribution of these variables to safety Star Ratings is characterized by several impor-

tant interactions that extend beyond simple presence or absence. Roadside elements demon-

strate this complexity clearly: the same object, e.g., a tree, presents dramatically different risk
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based on its distance from the traveled lane. This creates a hierarchical risk matrix with 62

distinct roadside severity combinations (see page 50 in the manual79), where a cliff at any

distance represents higher risk than a tree at 0-1 meters away from traffic, which in turn

exceeds the risk of a rigid pole at 5-10 meters away from traffic. This distance-object in-

teraction enables nuanced safety assessment of diverse roadside environments. Infrastruc-

ture elements also exhibit quality-based interactions. For curve assessment, the physical cur-

vature (very sharp to gentle) interacts with delineation quality—a sharp curve with poor

signing and marking presents significantly higher risk than the same curve with adequate

delineation. Similarly, pedestrian crossing facilities are evaluated not just on design type

(marked/signalized/grade-separated) but on their quality of implementation, refuge pres-

ence, and visibility. Themethodology further captures synergistic interactions between com-

plementary elements. For example, median barriers’ effectiveness interacts with their de-

sign (concrete/metal/wire-rope), width of separation, andmotorcycle-friendliness. Sidewalk

safety increases with both separation distance from traffic (0-1m, 1-3m, >3m) and the pres-

enceof physical barriers, creating a spectrumofpedestrianprotection. Speedmanagement in-

frastructuredemonstrates themost complex interactions, as its effectiveness is assessed through

impact on operating speeds relative to posted limits, creating a dynamic relationship between

physical elements and driver behavior. This approach recognizes that road environment in-

fluences actual road user behavior rather than existing in isolation. The iRAP star rating

methodology ultimately evaluates road safety through these nuanced interactions, recogniz-

ing that infrastructure elements work as systems rather than isolated features, with their pro-

tective value highly dependent on specific implementation characteristics and their relation-

ship to surrounding elements.
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Table 2.1: Variables defined in iRAP Star Rating protocol79 organized into six categories.

Category Variable Classes Comments/Explanations

Roadside
Roadside severity - driver/pas-

senger side distance

0-1m, 1-5m, 5-10m, >=10m Roadside objects and their distances to the road together define the risk.

Only record the roadside object of the highest risk in the 100-meter seg-

ment. Non-standard median barriers might be coded as roadside object.

Roadside severity - driver/pas-

senger side object

Cliff, Tree, Non-frangible sign/post/pole, Unprotected

safety barrier end, Aggressive vertical face, Upwards slope

(roll over/no roll over), Deep drainage ditch, Down-

wards slope, Large boulders, Semi-rigid/Rigid struc-

ture/bridge/bldg, Safety barrier (concrete/metal/wire

rope/motorcycle friendly), no object

Shoulder rumble strips Present, Not Present Any textured markings running along a road which function to warn

drivers leaving the lane on the passenger-side of the roadway. Only be

found on paved shoulders and should be a continuous, unbroken lin.

Paved shoulder - driver/pas-

senger side

None, Narrow (0-1m), Medium (1-2.4m), Wide

(>=2.4m)

Width of the safe and drivable section of road from the edge line to the

edge of the paving. No edge line, no paved shoulder should be recorded.

Wherever an edge line is present, record the paved shoulder.

Mid-block

Roadway/Carriageway type Carriageway A/B of a divided road, undivided road, mo-

torcycle facility

Divided carriageway: (1) either a barrier or wide physical median consis-

tently; (2) for a distance of 400m or more. One-way, bus/transit lane

Upgrade cost High, Medium, Low

Median type Center Line, Wide Center Line (0.3-1m, >1m), Contin-

uous central turning lane, Flexible posts, Physical me-

dian width (0-1m, 1-5m, 5-10m, 10-20m, >20m), Safety

barrier (concrete, metal, motorcycle friendly, wire rope),

One-way

Road infrastructure feature that separates the two opposing traffic flows

for both divided and undivided carriageways. Do not include defective

safety barriers. Safety barrier - motorcycle friendly has supporting post or

legs.

Continued on next page
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Table 2.1 – continued from previous page

Category Variable Classes Comments/Explanations

Road condition Poor, Medium, Good Ability to provide level or running surface free from defects that may ad-

versely affect vehicle path. ’Poor’ or ’medium’ if defects are present for

10m or more at any point on a coding segment.

Delineation Poor, Adequate Adequacy of road lines andmarkings (center lines, lanemarkers, edge lines;

guideposts anddelineators, road studs andhazardmarkers; signage on road

and posted). ”Poor” for generally absent or in poor condition.

Sight distance Poor, Adequate Ability of a driver to see and/or anticipate road conditions and other

road users ahead. ”Poor” if SD<50m for speed<70km/h or SD<80m for

speed>70km/h

Number of lanes Four or more lanes, Three lanes, Three and two lanes,

Two lanes, Two and one lanes, One lane

Number of traffic lanes in the direction of travel. Do not code changes

over short lengths of road less than 400m or turning lanes at intersections.

Lane width Narrow <2.75m, Medium 2.75m to <3.25m, Wide

≥3.25m

Distance from the edge line to the adjacent lane marking. If no edge line,

measure from pavement edge to adjacent lane marking.

Curvature Very sharp, Sharp, Moderate, Straight or gently curving Horizontal alignment of the road. Very sharp: can only be driven at

<40km/h, radius <200m. Sharp: 40-70km/h, radius 200-400m. Moder-

ate: 70-100km/h, radius 400-800m. Straight: >100km/h, radius >800m.

Quality of curve Poor, Adequate, Not applicable How easy it is to judge how sharp a curve is and if it can be driven safely.

Quality reflects extent to which signs and markings help the driver judge

curvature.

Upgrade cost High, Medium, Low Influence that the surrounding land-use, environment and topography

will have on the cost ofmajorworks. Based on the relative cost of acquiring

additional land and complexity of working on that land.

Skid resistance Unsealed-poor, Unsealed-adequate, Sealed-poor, Sealed-

medium, Sealed-adequate

Skidding resistance and texture depth of the road surface.

Continued on next page
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Table 2.1 – continued from previous page

Category Variable Classes Comments/Explanations

Centre line rumble strips Not Present, Present Any texturedmarkings running along the centre of a road which function

to warn drivers crossing the median.

Shoulder rumble strips Not Present, Present Any textured markings running along a road which function to warn

drivers leaving the lane on the passenger-side of the roadway.

Paved shoulder - driver/pas-

senger side

None, Narrow 0m to <1m,Medium 1m to <2.4m,Wide

≥2.4m

Width of the safe and drivable section of road from the edge line to the

edge of the paving. Code each side of the road separately.

Presence of service road

(frontage road)

Not present, Present Presence of a service road running parallel with the main carriageway.

Vehicle parking Two sides, One side, None Record the extent of vehicle parking along the side of the road.

Street lighting Not Present, Present Record the presence of street lighting that is sufficient to illuminate pedes-

trians and bicyclists.

Intersection

Intersection type 3/4-leg - unsignalized/signalized - with/without pro-

tected turn lane,Mini roundabout, Roundabout,Merge

lane, Median crossing point (informal/formal), Railway

Crossing active/passive, None

Presence and type of intersections. If intersection is very complex, consider

howmany points of potential conflict exist between flows and the highest

risk points.

Quality of intersection Poor, Adequate, N/A Quality of the intersection design, advance warning, signing, and mark-

ings. ”Poor” could be very short merge lanes, poor deflection angles, lack

of advance signing andmarking, lack of facilities for VRUs, limited or ob-

structed sight distance.

Intersection channelization Not present, Present If there are raised islands or coloured hatching present at an intersection

that designate intended vehicle paths.

Intersecting road volume ≥15,000 vehicles, 10,000 to 15,000 vehicles, 5,000 to

10,000 vehicles, 1,000 to 5,000 vehicles, 100 to 1,000 ve-

hicles, 1 to 100 vehicles, Not applicable

An estimate of the AADT of the intersecting road. For railway crossings

an estimate of the number of trains running through the crossing per day

is required.

Continued on next page
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Table 2.1 – continued from previous page

Category Variable Classes Comments/Explanations

Property access points Commercial Access 1+, Residential Access 3+, Residen-

tial Access 1 to 2, None

Number of commercial and residential driveways and minor access lanes.

VRU facilities

and Land Use

Pedestrian crossing facility -

major/side road

None, Unsignalized (raised) unmarked/marked cross-

ingwith/without refuge, signalizedwith/without refuge,

grade separated facility

Presence of purpose-built pedestrian crossing facilities on the inspected

road and on the side (intersecting) road. Only record crossing facilities

which provide some safety benefit to pedestrians.

Pedestrian crossing quality Poor, Adequate, Not applicable Effectiveness of the pedestrian crossing on the inspected road or side road.

Pedestrian fencing Not present, Present Presence of pedestrian fencing or other barriers which effectively control

pedestrian crossing flow.

Sidewalks - driver/passenger

side

None, Informal path (0-1m, >=1m), Non-physical sepa-

ration (0-1m, 1-3m, >=3m), physical barrier

Do not code a sidewalk that is not continuous over the entire length of the

coding segment. Distance is measured from nearest driving lane.

Facilities for motorcycles None, Motorcycle lane on roadway, Motorcycle path -

one-way, Motorcycle path - two-way, Motorcycle path

with barrier (one-way/two-way)

Presence of purpose-built facilities for motorcycles, mopeds and other

light motorised vehicles capable of speeds of 30km/h or more.

Bicycle facility None, Extra wide outside (>=4.2m), On-road lane, Off-

road path, Off-road path with barrier, Signed shared

roadway, Shared use path

Purpose-built facilities for bicyclists. Only record facilities specifically for

bicycles. Donot code bike facilities of poor standard. If sharedwith pedes-

trians, code it as shared use path.

Land use - driver/passenger

side

Educational, Commercial, Industrial and manufactur-

ing, Residential, Farming and agricultural, Undeveloped

areas

Type of roadside development that is observed on both the driver-side and

passenger-side of the road.

Area type Urban, Rural Type of area surrounding the road. Area type is coded as being either ’ur-

ban’ or ’rural’ depending on the level surrounding development.

School zone warning No school zone warning (school present), School zone –

static signs or road markings, School zone – flashing bea-

cons, Not applicable

Presence of a school zone.

Continued on next page

44



Table 2.1 – continued from previous page

Category Variable Classes Comments/Explanations

School zone crossing guard Not present, Present, Not applicable Presence of a crossing supervisor or warden.

Speeds

Speed limit From 20 to 150 km/h (Codes 1-25) or 20 to 90 mph

(Codes 31-45)

Actual posted numerical speed limit for general traffic and formotorcycles

and trucks.

Operating speed - 85th per-

centile/mean

20, 25, 30, …, 85, 90, >=90 km/h

Speed differential Present, Not Present If the difference in speed (operating or speed limit) between cars and trucks

and/or cars and motorcycles exceeds 20km/h or 12mph.

Speed management Not present, Present Presence of road infrastructure features that will typically reduce the oper-

ating speed by 5km/h to 10km/h below the speed limit.

Flow

AADT

Motorcycle percentage None, 0, 5, 10, 20, 40, …, 80, 99, 100

Bicycle peak hour flow None, 1, 3, 5, 7, >=8 Observed number of bicycles per coding segment.

Pedestrian peak hour flow

across/along road driver/pas-

senger side

0, 5, 25, 50, 100, 200, …, 500, 900, >=900 Observed flows are not directly used in Star Ratings. They form one part

of the evidence used during the Star Rating analysis in estimating flows on

each road segment.
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2.2.2 Existing automation efforts

Acknowledging the inherent limitations of iRAP’smanual annotation approach, pioneering

workhas emerged to develop computationalmethods that automate the infrastructure rating

workflow.

The first group of studies focuses on the extraction of subsets of iRAP-related variables

using emerging big data sources such as video, LiDAR, and satellite imagery. Brkić et al.22

developed a fully automated framework that integrates mobile LiDAR point clouds and

YOLO-based DL models to detect and classify roadside features, enabling the assessment of

two iRAP attributes: roadside severity-object (RSS–O) and roadside severity-distance (RSS–

D). They transformed point clouds collected on Croatian highways into road cross-section

images at 10-meter intervals, which were then used to detect road boundaries and classify 13

iRAP-defined object types and their distances using labeled training data and YOLO object

detection. Their work demonstrated that LiDARdata significantly facilitates roadside object

distance measurement at large scale and provides input data of good quality to downstream

modules. Brkić et al.24 proposed a novel framework that used high-resolution satellite im-

agery combined with the YOLO v5 object detector to identify iRAP-defined road attributes

such as school zones, divided carriageways, and four types of pedestrian crossings. Their

method involved vectorizing road center lines, segmenting road images, transforming them

into road-oriented views, and trainingYOLOmodels on annotated segments todetect the rel-

evant infrastructure elements across 83.5 km of roads in Split, Croatia. The model achieved

strong performance with high class-wise accuracy ranging as well as high precision/recall,

outperforming earlier approaches while enabling detailed class-level differentiation, e.g., in-

spected vs. side-road pedestrian crossings, with or without refugee islands. Wijnands et al.191
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presented the first systematic analysis of all intersection designs in Australia using satellite

imagery and deep learning to identify safer road infrastructure. The researchers processed

approximately 900,000 satellite images of Australian intersections using customized com-

puter vision techniques and a deep autoencoder to extract high-level features like intersection

type, size, shape, lane markings, and complexity, which were then clustered to identify sim-

ilar designs. They linked these intersection designs to driving behaviors captured in telem-

atics data from 66 million kilometers of driving, revealing that four-way intersections had

more frequent hard acceleration events than three-way intersections, T-intersections had rel-

atively low hard deceleration frequencies, and roundabouts consistently maintained low av-

erage speeds. This domain-specific feature extraction approach enabled the identification of

specific infrastructure improvements that could result in safer driving behaviors, potentially

reducing road trauma. Tardy et al.171 developed an automated approach for road inventory

using a deep learningmodel and 3Dpoint cloud data acquired by a low-costmobilemapping

system (MMS). The methodology extracts key road parameters including road width, num-

ber of lanes, individual lane widths, superelevation, and safety barrier height. The research

also used a deep learning model based on Point Transformer architecture to perform seman-

tic segmentation of road environments into five classes: asphalt, road markings, road signs,

barriers, and other elements. Results showed an overall intersection-over-union score of 84%

for point cloud segmentation and centimetric errors for road inventory parameters, with the

number of lanes correctly estimated in 81% of cases. This approach offers a safer and more

automated alternative to traditional manual road inventory methods and has potential for

building digital models from as-built infrastructure acquired by mobile mapping systems.

The second group aims for full end-to-end automation of the entire safety rating process,
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directly predicting star ratings or complete attribute sets from raw input data. The standard

iRAP process involves three transparent steps: identifying the presence of specific infrastruc-

ture attributes for each road segment, assigning risk ratings according to a defined protocol,

and aggregating these ratings through a weighted scoring system. However, the following

studies bypassed this structure entirely, collapsing the pipeline into a single prediction step

and turning the process into a black box—undermining transparency and interpretability, as

well as obscuring alignment with the established rating framework. Song et al.165 proposed

a deep convolutional neural network architecture that directly predicts roadway star ratings

from street-level panoramas using multi-task learning, attention mechanisms, and unsuper-

vised training. The proposed model took panoramas as input and used a modified VGG-

16 backbone with spatial attention layers to estimate star ratings and 23 auxiliary road at-

tributes, e.g., median type, road condition, number of lanes. The training incorporated su-

pervised, multitask, and unsupervised loss terms, including a loss encouraging consistency

across nearby panoramas. Despite reasonable results reported, the shortcoming of this re-

search is clear. Although each variable has a dedicated channel and the loss functions are

customized for multi-tasking, it still suffers from tremendous lack of domain knowledge,

e.g., classifying upgrade cost and intersecting road volume from SLIs. It was not surprising

to see the results in terms of accuracy were not convincing either. Overlooking the physical

definitions and the relationships between variables resulted in the bad prediction power and

interpretability. The most concerning issue was the poor performance on 1-star rated roads

(the most concerning category), which should be the highest priority for a safety assessment

system. Additionally, the authors failed to address how their system would handle temporal

variations in road conditions (like construction or seasonal changes) that could significantly
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impact safety ratings. Furthermore, the safety-aware routing application lacked comprehen-

sive evaluation against established transportation safety benchmarks ormetrics such as poten-

tial crash reduction factors, travel time reliability, or actual historical crash data correlation:

instead relying solely on visual examples of alternative routes with subjective annotations of

hazardous features. Finally, themodest improvement over baselinemethods (just 3.2%higher

accuracy) raises questions about the value of such a complex system for practical deployment

in transportation infrastructure planning. Kačan et al.93 explored multi-task deep learn-

ing framework for large-scale iRAP attribute coding. By proposing an end-to-end multi-

task learningmodel that classifies 33 iRAP safety attributes simultaneously frommonocular

dashboard video, the authors sought to reduce the need for semantic segmentation. Their

architecture used shared CNN backbones (ResNet-18 and DenseNet-121), spatial pyramid

pooling, and per-attribute attention modules, trained with balanced cross-entropy loss and

optionally extended to handle multi-frame inputs for temporal context. Trained on a large

1850 km dataset from Bosnia and Herzegovina, their best model achieved a macro-F1 score

of 61.5% and showed high accuracy for well-represented attributes like “delineation” and “di-

vided carriageway”, while struggling with rare or visually ambiguous features like “roadside

severity.”While the authors proposed an interesting approach for automating road safety as-

sessment, their methodology has several limitations that diminish its practical utility. The

approach relies heavily on a dataset from a single country with limited geographical diver-

sity, raising serious concerns about generalizability to different road systems, designs, and

environmental conditions worldwide. Additionally, the model’s poor performance on sev-

eral safety-critical attributes (particularly roadside severity with only 39.7-47.9% macro-F1

scores) makes it unsuitable for real-world deployment where these features significantly im-
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pact safety ratings. The paper also lacks proper comparisonwith traditional computer vision

techniques like object detection and semantic segmentation pipelines that might offer more

interpretable and verifiable results for stakeholders. Finally, although the authors acknowl-

edged their work was a “preliminary feasibility study”, they failed to address how the sub-

stantial performance gap between well-performing and poorly-performing attributes could

be bridged in future work.

2.3 Automated recognitionwith SLIs

SLIs such as those provided bymapping platforms, have emerged as a prominent data source

for road infrastructure analysis and safety assessment. Its widespread adoption is largely at-

tributed to extensive geographic coverage, frequent updates in urban areas, and relatively low

cost compared to other data collection methods. Furthermore, SLI provides rich visual con-

text at human-eye level, making it particularly suitable for identifying roadside features rele-

vant to frameworks like iRAP. However, the use of SLIs also introduces several challenges.

Variability in lighting conditions, occlusions from vehicles or vegetation, differences in cam-

era angles, and inconsistencies in image resolution can significantly impact model perfor-

mance and limit the reliability of automated feature extraction. These limitations necessitate

careful pre-processing and robust modeling to ensure accurate interpretation of SLIs for do-

main tasks.

2.3.1 General applications

SLIs have been generally applied to transportation engineering and urban planning. For ex-

ample, onemajor application is understandingurban environments. DLmodels extract high-
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level semantic information from SLIs and deliver them to downstream urban planning tasks.

Wang, Li, andRajagopal186 proposed a unsupervisedmulti-modal framework to understand

intrinsic patterns of urban communities. By jointly encoding visual, textual, and geospatial

information into the neighborhood representation vector, their model can compare to fully-

supervised methods in downstream prediction tasks. Extensive experiments on three U.S.

metropolitan areas from the study demonstrated the model’s interpretability, generalization

capability, and its value in neighborhood similarity analysis like house pricing prediction. Al-

hasoun and González11 proposed an approach to collect and label imagery data then deploy

advancements in computer vision to automate street category labeling, e.g., alley, commer-

cial throughway, downtown residential, downtown commercial, highway, highway ramp,

industrial, neighborhood commercial, neighborhood residential, park, residential through-

way. convolutional networks extracted feature embeddings of the SLIs and a classification

model used these embeddings to produce the street category. Research in85,17,17,95,65 focused

on urban environmental sensing, where SLIs are fed to segmentation models which guesses

the class each pixel in the SLI belongs to. Then the ratio of pixels belonging to different

classes are aggregated into numeric indices for walkability, biking, and street safety. Cai et

al.27 went one step further, as they not only performed semantic segmentation, visual envi-

ronment extraction, but also depth calculation59 to quantify drivers’ visual environment in

real driving situations. The derived visual measures in this research then served as features for

a frequency-based traffic crash model.

A group of studies focus on the detection and understanding of roadway infrastructure

elements. Aykac et al.16 usedRoadway InformationDatabase (RID) of SHRP2 program163,

as a surrogate for a video log to design and test algorithms to detect rumble strips in the road-
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way images. The image correction algorithm along with automated feature extraction and

convolutional neural network model was successful in detecting rumble strip locations and

measuring their length andpitch. AbouChacra andZelek4 identified distressed pavement re-

gions and pinpointed cracks with them by using a combination of support vector machines

(SVM) and image processing techniques. Their pipeline first segmented road pixels from

the image using texture information3 and then extract built another set of descriptors of the

pixels using which the SVM classifies in to distressed areas of road. The segmentation step

involves patch extraction at multiple scales. Rahman et al.144 applied a classic DL model68

that can capture both convolutional and recurrent information to map road safety barriers.

Weld et al.189 assessed sidewalk accessibility with SLIs. Their model use crops of SLIs, posi-

tional feature of the crop, as well as geographic feature of the SLI within the broader context

of a city’s geography as inputs and a ResNet architecture plus fully connected layers to pro-

cess these information69. The final output of the DL model is a score vector of five classes:

curb ramps, missing curb ramps, obstructions, surface problems, and null crop. Discussions

were also conducted on the quality of the model, effect of contextual input features on per-

formance, cross-city generality, among others. Another contribution of the study was its

crowdsourcing tool allowing remote contribution of SLIs and labels via an online platform.

Ning et al. proposed a DL pipeline to automatically collect sidewalk inventory at scale133.

They used a sliding window strategy to read the input images in patches and then apply a

finetuned segmentation model for the task to predict pixel-level sidewalk label, before merg-

ing the inference results back to the original image size. If there is shadow or occlusion by

canopies or buildings that result in gaps in the extracted sidewalk, SLIs are queried at loca-

tions with gaps to fill them.
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2.3.2 Semantic segmentation for infrastructure elements

Semantic segmentation and object detection are two fundamental tasks in computer vision,

each serving distinct purposes in visual understanding. Object detection focuses on identify-

ing and localizing instances of predefined object categories by predicting bounding boxes and

associated class labels. While effective for tasks requiring rough spatial localization, bound-

ing boxes do not provide precise information about object shape or boundaries. In contrast,

segmentation—particularly semantic segmentation—assigns a class label to each individual

pixel in an image, enabling fine-grained delineation of objects and surfaces. This pixel-level

classification is essential in applications like road infrastructure assessment, where under-

standing the exact extent and boundaries of features such as sidewalks, medians, or bike lanes

is critical. Although more computationally demanding, segmentation provides a richer and

more detailed representation of scene geometry compared to bounding-box-based detection.

While semantic segmentation assigns a class label to each pixel, it does not distinguish be-

tweenmultiple instances of the same class—treating all pixels labeled as “car” as belonging to

a single, undifferentiated group. Instance segmentation addresses this limitation by not only

classifying each pixel but also assigning it to a specific object instance, effectively combining

object detection and segmentation. This enablesmore detailed analysis in scenarios involving

crowded scenes or overlapping objects. Panoptic segmentation further unifies semantic and

instance segmentation by producing a single coherent output that includes both per-pixel

class labels for “stuff”, e.g., road, sky, sidewalk, and instance-level labels for “things”, e.g., ve-

hicles, pedestrians, traffic signs. However, due to the lack of consistent instance-level anno-

tations and the focus on infrastructure classes that are typically amorphous and non-discrete,

e.g., sidewalks, medians, shoulders, this research is limited to semantic segmentation.
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Several open-sourced segmentation datasets are based on SLIs. CityScapes45 dataset were

collected in 50 European cities using vehicle-mounted sensors spanning good and medium

weather conditions during daytime. It contains 5K images with fine annotations plus 20K

images with coarse annotations. There are 30 object classes, grouped into eight major cat-

egories, three of which are related to roadway infrastructure: (1) flat includes road, side-

walk, parking, rail track; (2) construction includes building, wall, fence, guardrail, bridge, and

tunnel; (3) object includes pole, pole group, traffic sign, traffic light. Images in PASCAL

VOC51 were collected from a variety of scenes. It contains 11K images including 7K seg-

mentations. The 20 object classes besides background in its taxonomy include vehicles (from

aeroplane to bus and boat), households (bottle, chair, dining table, potted plant, sofa, TV/-

monitor), animals (from bird to sheep), and other (person). ADE20K225 covers a wide range

of scenes and environments, including both indoor and outdoor settings, such as streets,

parks, rooms, offices, and public spaces. It contains 22K training images and 2K validation

images. Notably, ADE20K contains detailed pixel-wise segmentation label for more than

3K concepts, organized in their WordNet definition and hierarchy226 and about 200K parts

of objects and parts of parts are annotated. For concepts related to driving/roadway/traf-

fic, the stuff group includes non-countable materials or elements that form the continuous

aspects of road environments and the objects group are countable and discrete items. For

example, stuff group include roads (asphalt, concrete, dirt roads), sidewalks (paved, gravel),

markings (lane markings, crosswalks), surfaces (pavements, kerbs), while the object categories

include vehicles, street furniture (traffic lights, street lamps, traffic signs, benches), road bar-

riers (guardrails, bollards), miscellaneous (potholes, manhole covers, drainage grates), and

vegetation. ADE20K-outdoor is a subset of ADE20K that only contains outdoor scenes, as
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used in Qi et al.142. Lastly, Mapillary Vistas131 is specifically targeting SLIs related to roads

and traffic, with 25K high-resolution images crowd-sourced from worldwide and 65 classes

included. Concepts are organized in seven root groups include object, construction, human,

marking, nature, void, and animal, where each of them is further broken down intro macro-

groups and then specific classes. For example, object-support (root group and macro-group)

include pole, utility pole, and traffic frame, while construction-barrier include curb, fence,

wall, guardrail, and other barrier. Figure 2.1 shows an example from the dataset. The la-

bel map demonstrates high-quality semantic segmentation with precise object boundaries,

particularly evident in the vehicle silhouette and traffic infrastructure elements that main-

tain their structural integrity despite simplification. The segmentation exhibits sophisticated

class differentiation between closely related roadway elements (traffic signals, poles, utility

poles) that would typically challenge less robust taxonomies. Edge preservation in the seg-

mentation is notably accurate at critical boundaries between roadway markings and asphalt

surfaces, which is essential for safety-critical applications requiring precise delineationof driv-

able space. The visualization reveals the dataset’s comprehensive coverage of both dominant

classes, e.g., road surfaces and vegetation, and safety-relevant minority classes, e.g., traffic sig-

nals and pedestrians that colored red, supporting Mapillary Vistas’ suitability for roadway

safety assessment without additional annotation requirements. Given this connection and

the labeling quality, we treat Mapillary Vistas as a surrogate dataset for real-world iRAP data

and evaluate model performances onMapillary Vistas.
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(a)Original SLIs (b) Ground‐truth label maps

Figure 2.1: Mapillary Vistas dataset include (a) high‐quality SLIs and (b) their ground truth segmentation map labels. These
ground truths (panel b) demonstrate pixel‐wise segmentation annotation with precise object boundaries. The annotation
exhibits sophisticated class differentiation between closely related roadway elements, e.g., traffic signals, poles, and utility
poles, that are coarsely treated in other datasets. This dataset has a comprehensive coverage of both dominant classes
like cars and roads, plus safety‐relevant minority classes, e.g., traffic signals, curbs, guard rails, fences, etc.

2.4 Semantic segmentation models

In this section, we skip classic models that precedented DL models, e.g., superpixels, CRFs,

hand-crafted features, and start with DLmodels directly.

2.4.1 DL models

DomainDLmodels are trained on specific segmentation datasets. Fully Convolutional Net-

work (FCN)120 is a pioneeringmodel in semantic segmentation because itwas the first to suc-

cessfully apply deep neural networks to such a dense prediction task directly at the pixel level,

in an end-to-end manner without the need for any fully connected layers127. Prior to FCNs,

most DL models focused on image classification tasks like on the ImageNet46,106, where the

output is a single label for an entire image, which clearly does not address the needs of se-

mantic segmentation. While there were methods that adapt classification networks for lo-
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calization and detection, such as the R-CNN family56,55,147,67 for object detection, FCNwas

the first tomodify the architecture of CNNs to produce spatial maps instead of classification

scores, enabling end-to-end training for segmentation. In addition to its end-to-end learning,

FCN is also featured by its encoder-decoder structure, as well as the upsampling layers and

skip connections, which combined merge deep, semantic information from the lower layers

with shallow, appearance information from the higher layers.

The DeepLab family is a series of models that also contributed significantly to semantic

segmentation task36,37,38,39. A fundamental contribution of this family of models is atrous

convolution, also known as dilated convolution, which adjusts the sampling of input signal

by using a dilation rate that expands the spacing between kernel points and thus enhances the

convolution’s field of view without increasing parameters or computational complexity36.

Then the iterations in the model family (1) adds Atrous Spatial Pyramid Pooling (ASPP)

which applies the atrous convolution in parallel with different dilation rates, greatly enhanc-

ing the model’s capacity to capture multi-scale information37; (2) improves ASPP by in-

corporating batch normalization and adding image-level features extracted by global average

pooling to the last feature map, which captures broader context38; (3) introduces a complete

encoder-decoder structure as the previous models of the family focused on the encoder part

that deepens the network to enhance feature extraction at various scales39; the addition of

decoder enables the model to producemore precise and high-resolution segmentationmaps,

especially at object boundaries, because the decoder reconstructs the spatial details that are

compressed in the encoding phase.

Even more recent advancements in the field have embraced Transformers, such as Seg-

Former195. SegFormer differs from the DeepLab family and previous models in several as-
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pects. First, it integrates the Transformer architecture to handle the entire feature extrac-

tion process, leveraging self-attention mechanisms that naturally capture long-range depen-

dencies and global context—beneficial for parsing complex scenes in semantic segmentation.

Second, SegFormer adopts a hierarchical Transformer backbone and uses a lightweightMLP

decoder to process features at multiple scales, in contrast to earlier models with heavy de-

coders relying on extensive convolutional operations. As a result, SegFormer achieves both

scalability and operational efficiency across a range of device capacities and image resolutions.

Complementary to this trend, MaskFormer42 andMask2Former41 propose a unified frame-

work that treats segmentation as a set prediction task. By predicting a fixed set of binary

masks and their associated class labels, these models enable a shared architecture across se-

mantic, instance, and panoptic segmentation. Mask2Former further improves performance

by incorporatingmulti-scale deformable attention, making it one of the current state-of-the-

art models for segmentation tasks.

2.4.2 Foundation models

Unlike DL models trained on domain datasets typically consisting of tens of thousands of

images, foundation models are trained on datasets that are up to three orders of magnitude

larger. This vast scale of pretraining endows them with a strong capacity to generalize across

tasks and domains—including ours—in a zero-shot fashion, without the need for additional

fine-tuning.

One example of a foundation model designed for segmentation tasks is the Segment Any-

thing Model (SAM)101. SAM’s architecture (see Figure 2.2) is built on a vision transformer

(ViT) backbone and consists of three primary components: an image encoder that processes
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the input image once to create an image embedding, a prompt encoder that handles various

prompt types (points, boxes, text, and masks), and a mask decoder that predicts segmenta-

tionmasks based on the combined image and prompt embeddings. SAM enables interactive

prompting where users can provide different types of signals (including points, boxes, or

masks) with positive/negative labels to guide the segmentation process, making it exception-

ally flexible for identifying and isolating objects in images without category constraints. If no

specific prompts are provided, SAM defaults to an evenly spaced sampling grid and prompts

the model with each sampled point. This is called “everything mode” where it attempts to

segment all possible objects in the image. This prompt-driven approach allows SAM to per-

form real-time interactive segmentation with zero-shot capability across diverse visual con-

texts. The training methodology involves pre-training on the extensive SA-1B dataset, fol-

lowed by fine-tuning to optimize the model’s performance for specific segmentation tasks.

SAM’s training dataset represents an unprecedented scale in segmentation data, containing

over 1 billion masks derived from approximately 11 million diverse images. This dataset em-

braces the “anything” premise by capturing a variety of objects and scenes without being

constrained to predefined categories, ensuring comprehensive coverage across different do-

mains. The data collection process employed a semi-automated approachwhere initial masks

were generated through computer vision techniques, followed by human verification and re-

finement.

A growing body of research chooses to adapt SAM to specific application domains, aim-

ing to extend its general-purpose capabilities to domain-specific segmentation tasks. Given

there is little transportation-focused research using SAM, Table 2.2 summarizes how SAM is

adapted to domains of remote sensing, medical imaging, factory production, and organizes
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Figure 2.2: Model architecture of Segment Anything Model (SAM). It consists of three primary components: a powerful
image encoder that processes the input image once to create an image embedding, a prompt encoder that handles various
prompt types (points, boxes, text, and masks), and a lightweight mask decoder that predicts segmentation masks based on
the combined image and prompt embeddings. Source: Kirillov et al. 101.

them by the type of prompts and modules/parameters finetuned. Empty cells in the image

encoder column could mean (1) applied as original if no extra parameters are marked145,64,

(2) guided by strategies like LoRA78,223,210, or (3) replaced by row-rank or compressed rep-

resentations140. First group of research focuses on SAM’s zero-shot capability, without any

finetuning for the domain-specific task. These applications include evaluations of SAM on

domain-specific datasets64,70, creation of new or enhanced datasets179,159,40,34, and other in-

ference tasks like building change169, product anomaly detection110, point tracking across

video frames145. Second group of studies aim to finetune SAM’s modules. This is needed

when domain target differs significantly from SAM’s training data and zero-shot perfor-

mances are unsatisfactory. The most common choice to finetune is mask decoder given its

one of the lightweight modules in the structure198,168. The last group aims to improve SAM

comprehensively, either by retraining it for a newdomain likemedical imaging122, or by com-

pressing its knowledge for faster and more resource-efficient performances197,140,210,207.

Migrating the capabilities of foundationmodels to our application domain involves bridg-

ing the gap between general-purpose segmentation and the specific requirements of road-

way safety assessment. Given that domain-specific models are typically trained on curated
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SLI datasets, one promising direction is to combine their task-specific strengths with the

zero-shot generalization capability of foundation models such as SAM. Several recent stud-

ies have explored this hybrid strategy, either by fusing outputs or leveraging complementary

model architectures217,40,168. Another line of research addresses the fact that SAM produces

class-agnostic masks by default, which poses challenges for multi-class semantic segmenta-

tion tasks like ours. To address this, some studies have enhanced SAM’s classification capac-

ity by repurposing its internal modules or appending additional classifiers—typically mul-

tilayer perceptrons (MLPs)—to infer semantic labels from its output masks211,223. Lastly,

SAM’s promptable architecture opens another avenue for adaptation: supplying appropriate

prompts tailored to the target domain. Researchers have explored a variety of prompt gener-

ation strategies—some deriving prompts from ground truth labels179,145,139,140, others sourc-

ing them from domain models or upstream vision-language models220,168,217,34,54,148,110,213,

some relying on probabilistic techniques227, and a few simulating prompts directly from test

cases207. These strategies highlight the flexibility of prompt design as a key lever for aligning

SAMwith domain-specific segmentation needs.

2.5 Summary

This chapter reviews literature related to iRAP Star Ratings, semantic segmentation using

SLIs, and recent advancements in both domain-specific and foundation models for segmen-

tation tasks. iRAP’s road infrastructure variables contribute to safety ratings through struc-

tured interactions that go beyond mere presence or absence; however, several state-of-the-

art studies bypass this interpretability by adopting deep learning models that generate rat-

ings in an end-to-end, black-box manner. SLIs have emerged as a valuable big data source
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for transportation applications, offering wide coverage and high-resolution visual context.

Prior research has explored the extraction of infrastructure elements from SLIs, thoughmost

approaches rely on object detection, which limits the ability to capture detailed boundaries

and spatial extent. For tasks requiring pixel-level precision, semantic segmentation provides

a more suitable solution. This chapter also highlights major SLI-driven datasets and the

deep learning models trained on them. In addition, the Segment Anything Model (SAM)

is introduced in detail, including its architecture, capabilities, and recent efforts to adapt it

to domain-specific segmentation. Two main adaptation strategies are identified: (1) enable

domain-specific classification for SAM either by adding domain classifiers to its downstream

module or augmenting its structurewithmodules likeMLPs, and (2) design effective prompt

generation techniques tailored to the target task for SAM.
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Table 2.2: Prompts and fine‐tuning choices reported when adapting SAM to
domain‐specific applications.

Study Prompt type Fine-tuned module Multi-class

point box text other image
encoder

mask
decoder

prompt
encoder

extra
proposed

213 ✓ ✓ ✓ ✓
179 ✓
169
159 ✓
145 ✓
9
110 ✓ ✓
70 ✓ ✓
148 ✓
110 ✓ ✓
219
64
218
218
211 ✓ ✓ ✓
40
54 ✓
34 ✓
217 ✓ ✓ ✓
31 ✓ ✓
35 ✓ ✓
198 ✓
73 ✓
168 ✓ ✓ ✓ ✓
212 ✓ ✓
188 ✓ ✓ ✓
204 ✓ ✓
196 ✓ ✓ ✓
122 ✓ ✓ ✓ ✓
197 ✓
207 ✓ ✓ ✓
216 ✓
140 ✓ ✓
139 ✓ ✓
227 ✓ ✓ ✓ ✓ ✓
210 ✓ ✓ ✓ ✓
220 ✓ ✓ ✓ ✓
223 ✓ ✓ ✓
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3
Grid-based sampling with domain priors

3.1 Introduction

The Segment Anything Model (SAM) offers powerful zero-shot segmentation capabilities

but remains fundamentally class-agnostic, limiting its effectiveness in domain-specific appli-

cations. Previous studies have highlighted this tension between SAM’s versatility and its se-

mantic limitations when applied to specialized contexts. This chapter proposes to integrate
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prior knowledge from domain models—well-trained, specialized classifiers—with SAM to

address this gap (as pointed out in Section 2.5). While these domain models lack the cross-

task generalizability discussed in Chapter 2, they provide critical semantic understanding

within their specialized contexts. By embedding domain priors into SAM’s zero-shot frame-

work,we create a synergistic approach that combines SAM’s robust segmentation capabilities

with domain-aware classification for road infrastructure element recognition. The resulting

hybrid methodology preserves SAM’s foundational strengths while addressing the domain-

specific requirements identified in the literature, offering a practical solution for applications

requiring both precise segmentation boundaries and accurate semantic interpretation.

The rest of this chapter is organized as follows. Section 3.2 analyzes Mapillary Vistas131

dataset’s connection with iRAP variables, highlighting its advantages as a surrogate to real-

world iRAPevaluationdataset consistingof SLIs, aswell as reasonswhyother researchdatasets

are not equally suitable for this road safety assessment task. Section 3.3 starts by introducing

SAM’s structure, types of prompts, and “everythingmode”, then transitions to prior knowl-

edge collectible from domain models and ways to obtain them, and arrives at the proposed

framework to integrate them. Section 3.4 describes first a list of hypotheses about SAM and

the proposal, then evidence supporting them, results based on one forward pass of SAM,mo-

tivations for improvement, and finally the refinement and its results. Performances of these

two variants are not only compared with baseline models, but also contrasted with an upper

bound estimate. Section 3.5 briefly discusses the obtained results of this adaptation approach

and shares its benefits to iRAP road safety assessment procedure.

65



3.2 Dataset

Mapillary Vistas dataset131 is an appropriate surrogate for iRAP field imagery because its 66

pixel-level semantic classes align closely with the physical objects that are included in iRAP

rating protocol. A systematic comparison shows that 19 of the 46 object-level variables speci-

fied in the iRAP codingmanual have at least one direct proxy class inMapillary Vistas taxon-

omy. Variables that are not directly covered byMapillary Vistas taxonomy fall into three ma-

jor categories, as summarized in Table 3.1. The first group comprises non-visual metrics that

exist beyond the capability of static image segmentation, including temporal traffic dynamics

such as flow counts across all transportation modes (pedestrians, cyclists, motorcyclists, pas-

senger vehicles, and heavy vehicles), operating speeds for different vehicle classes, and speed

differentials between these modes. These metrics are fundamentally time-dependent and

cannot be derived from isolated visual snapshots regardless of resolution or processing so-

phistication. Such data can be recovered through a multi-layered approach: extracting and

aggregating counts from permanent or temporary detectors strategically installed at inter-

sections and mid-block locations; fusing with emerging mobility data sources such as con-

nected vehicle data (CVD) that provides detailed telemetry on equipped vehicles; incorpo-

rating anonymized location-based services (LBS) data frommobile devices that offer broader

coverage across the transportation network; and potentially supplementing with targeted

manual counts for calibration and validation purposes. The second group of variables can

technically be extracted from SLIs alone, but the extraction is limited by SLIs’ resolutions.

For example, rumble strips require high-resolution close-up views to properly identify their

texture and depth characteristics; skid resistance demands specialized analysis beyond what
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standard visual segmentation can reliably determine. These elements are critical for compre-

hensive road safety assessment but fall outside the standard Mapillary Vistas segmentation

capabilities without supplementary processing techniques or higher resolution imagery fo-

cused specifically on road surface conditions. The third category encompasses higher-order

geometric properties and advanced scene understanding capabilities that exceed what can be

derived from isolated imagery. Roadway curvature and curvature quality require longitudi-

nal analysis across multiple images to properly characterize the three-dimensional geometry

and consistency of curves along the road path. Similarly, intersection type classification de-

mands a comprehensive spatial understanding from various approach angles to accurately

determine configuration and complexity. The determination of number of lanes requires

sophisticated scene understanding that can distinguish betweenmain carriageways, auxiliary

lanes, and turning lanes while accounting for lane continuity beyond the immediate field of

view. Sight distance calculation—a critical safety parameter—requires precise elevation data

typically obtained through LiDAR systems tomodel the three-dimensional topography that

affects driver visibility around curves and over crests.

Despite these gaps, adopting Mapillary Vistas in automated safety assessment research

brings several advantages. First, it eliminates the prohibitive cost of manually labeling ex-

tensive iRAP video or SLI data collected by road authorities while still providing the pixel-

level masks needed to compute segment-level metrics mandated by the Star Ratings proto-

col. Second, Mapillary Vistas’s geographic and environmental diversity—spanning multi-

ple continents, climate zones, and roadway standards—acts as a natural regularizer, improv-

ing cross-regional generalizability. Third, the public availability of Mapillary Vistas annota-

tions enables the broader research community to reproduce and extend the coverage analy-
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Table 3.1: Categorization of iRAP variables not directly covered by Mapillary Vistas and mitigation strategies.

Variable Category Limitations with Mapillary Vistas Mitigation Strategy

Category 1: Non-visual metrics
Operating speed; speed differentials Temporal dynamics not captured in static seg-

mentation
Fuse with CVD and LBS data for velocity
profiles across vehicle classes

Traffic flow counts (all modes) Time-dependent measures absent from static
imagery

Aggregate detector data at intersections
and mid-blocks; supplement with manual
counts

Category 2: Resolution-limited fea-
tures
Rumble strips Insufficient resolution for texture and depth

characteristics
Deploy targeted high-resolution imagery
focused on road surfaces

Skid resistance / surface friction Beyond standard visual segmentation capabil-
ities

Implement supplementary processing
techniques or specialized surface analysis

Category 3: Higher-order proper-
ties
Curvature & curvature quality Requires analysis across multiple sequential

images
Process longitudinal SLI sequences or de-
rive from GIS polylines

Intersection type Demands spatial understanding from multi-
ple angles

Integrate aerial imagery with ground-level
views for comprehensive classification

Number of lanes Needs advanced scene understanding beyond
single frame

Apply sequential image analysis with lane
continuity algorithms

Sight distance Requires 3D topographical modeling Incorporate LiDAR data to model eleva-
tion changes affecting visibility

sis presented in this dissertation. The mapping between Mapillary Vistas and iRAP survey

data constitutes a reusable research artifact. By precisely documenting how each iRAP vari-

able is derived from one or more Mapillary Vistas classes, the mapping provides a transpar-

ent connection between deep learning model outputs and the actuarial logic underpinning

iRAP’s risk models. Standardizing this vocabulary ensures that model predictions can be

translated directly into inputs for Star Rating, facilitating auditability, reproducibility, and

future methodological improvements. Table 3.2 presents a complete correspondence.
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Table 3.2: Correspondence between iRAP Star Rating variables and Mapillary Vistas semantic classes.

iRAP category iRAP variables Corresponding items Mapillary Vistas classes

Roadside

Roadside severity

- driver/passenger side object

Cliff; Upward Slope Mountain, Terrain, Snow, Vegetation

Tree Vegetation

Non-frangible sign / post / pole Pole, Utility Pole

Unprotected safety barrier end Barrier, Guardrail

Aggressive vertical face Wall, Barrier, Building, Tunnel

Downwards slope Terrain, Mountain

Large boulders Terrain, Mountain

Rigid structure/ bridge/ building Barrier, Building, Bridge, Tunnel

Semi-rigid structure / bridge / building Bridge, Building, Tunnel

Safety barrier (concrete / metal / wire-rope) Barrier, Guard Rail

Paved shoulder

- driver/passenger side
Paved shoulder Service lane

Mid-block

Median type

Center Line, Wide Center Line, Continuous

central turning lane

LaneMarking - General

Flexible posts (median) Pole; Fence

Physical median Vegetation, Curb, Road

Number of through

traffic lanes
Lane marking LaneMarking - General

Road condition Holes Pothole, Manhole

Delineation Markings and posts LaneMarking - General, LaneMarking - Cross-

walk, Traffic Sign Frame, Traffic Sign (Front),

Traffic Sign (Back), Crosswalk - Plain

Street lighting Pole, light fixture Street Light; Utility Pole

Vehicle Parking Parking area Parking

Intersection
Intersection type

Traffic control signals Traffic Light, Pole, Traffic Sign (Front)

Protected turn lane marking LaneMarking - General

Roundabout, Mini-roundabout Traffic Sign (Front)

Median crossing point Traffic Sign (Front), LaneMarking -Crosswalk,

Crosswalk - Plain

Intersection channelization Islands and hatching to guide vehicle path Curb, Sidewalk, PedestrianArea, LaneMarking

- Crosswalk, Crosswalk - Plain

Railway-crossing structure Fence, On Rails

Continued on next page
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Table 3.2 – continued

iRAP category iRAP variables Corresponding items Mapillary Vistas classes

Property access points

(driveways)

Curb Cut

VRU facilities

Land Use

Pedestrian crossing facility -

major/side road

Crosswalk–Plain, PedestrianArea, LaneMark-

ing - Crosswalk, Bridge

Pedestrian fencing Fence, Guard Rail

Sidewalks - driver/passenger

side

Sidewalk; Pedestrian Area; Curb; Curb Cut

Bicycle facility Bike Lane; Bicycle

School zone warning Traffic Sign (Front)

Speeds
Speed limit - general/mo-

torcycle/truck, Differential

speed limits

Speed limit signs Traffic Sign (Front)

Speed management / Traffic

calming

Curb

UnlikeMapillaryVistas,Cityscapes, PascalVOC,ADE20Kand similar segmentationbench-

mark datasets do not fit iRAP assessment comfortably. First, as these datasets were designed

for generic scene understanding, their label taxonomies emphasize road users, e.g., cars, rid-

ers, pedestrians, or broad architectural categories, while omitting many of the static roadside

objects that drive iRAP scores, as shown by Table 3.3. Second, iRAP surveys cover high-

ways, rural arterials and peri-urban links worldwide. In contrast, Cityscapes frames are con-

fined to German streets in urban areas; Pascal VOC mixes Flickr angles; ADE20K merges

indoor and outdoor scenes. None of these sources replicate the driver-level, forward-looking

perspective across multiple road classes that iRAP needs for uniform coding. SLIs of Map-

illary Vistas are captured with varied camera rigs globally, covering both urban and rural

carriageways under diverse curbside conditions. Thirdly, iRAP variables often hinge on di-

mensions or proximity, e.g. “safety-barrier within 0–1 m of edge”. Accordingly, Mapillary
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Vistas provides dense, pixel-level masks for small, safety-critical structures such as lane studs,

guard-rail posts, drainage inlets and potholes, which potentially support detailed calculation.

Cityscapes masks merge fine fixtures into a coarse “pole” or “fence” class; ADE20K labels

many cues only at instance-level polygons; Pascal VOC has no pixel masks for infrastructure

at all. Consequently, post-processing pipelines cannot derive distance bands or object widths

with the same fidelity.

Table 3.3: Coverage of iRAP‐relevant roadside assets in common semantic segmentation benchmarks.

Dataset # classes Roadside Lane marking VRU facilities Midblock

Mapillary Vistas 65 Curb, Guard rail, Fence, Barrier,
Wall, Pole, Traffic light/sign, Fire
hydrant, Catch basin, …

Lane Marking – Gen-
eral; Lane Marking –
Crosswalk

Sidewalk, Bike lane,
Pedestrian area, Park-
ing, …

Curb, Guard rail,
Barrier, Fence,
Street light, Pot-
hole, …

Cityscapes 30 Guard rail, Pole, Wall, Fence, Traf-
fic sign/light

None (no lane-marking
labels)

Sidewalk only Guard rail, Fence,
Parking

ADE20K
(outdoor images) 150 Fence,Wall, Pole, Traffic light/sign,

Street lamp, Fire hydrant, Guard
rail†, …

No lane-specific labels Sidewalk; no bike-
/crosswalk classes

none

PASCAL VOC 21 None (object set is person/animal-
s/vehicles/furniture)

none none none

3.3 Methods

3.3.1 Segment AnythingModel (SAM)

The Segment AnythingModel (SAM) functions through three components. The image en-

coder, built on a Vision Transformer (ViT) backbone, transforms raw pixels into rich visual

representations by splitting the image into patches and processing them with self-attention

mechanisms. SAM’s internal preprocessing will resize input images to 1024×1024 pixels as

its defaults, before generating segmentation masks. The resized image is then converted into

71



a dense feature map that captures hierarchical visual information from edges and textures to

semantic object properties. In a parallel thread, the prompt encoder translates user inputs

into embeddings that guide segmentation, as shown in Figure 3.1. Point prompts represent

user clicks on certain items that they want to include or exclude; in other words, positive

points can be specified for target objects and negative points can be specified for background.

Sultan et al.168 explored combinations of positive andnegative point promptswhen segment-

ing road pavement and pedestrian crosswalk and sidewalk from satellite images. Number of

point prompts does not directly translate to performances and SAM tends to produce co-

herent masks for batches or groups of point prompts. For example, if two positive point

prompts are accidentally placed on a car and a person respectively, SAM will not produce

two masks each representing the car and the person, but rather will produce a mask to cover

both objects. Box prompts are rectangular boundaries that indicate the region of interest

for segmentation. When a user draws a bounding box around an object, SAM focuses its

attention within these constraints to generate a precise mask. Unlike point prompts which

might segment multiple objects if they form a coherent group, box prompts reliably isolate

individual objects even in cluttered scenes. For instance, in a crowded street scene, a box

drawn around a specific pedestrian directs SAM to segment only that person, ignoring oth-

ers nearby. Box prompts are particularly effective for initiating segmentation of objects with

complex shapes or when objects are partially occluded, as they provide stronger spatial guid-

ance than single points. Yuan et al.204 used box prompts extensively in recognizing objects.

Mask prompts allow users to provide rough initial segmentations that SAM can refine with

greater precision. These coarse masks might come from quick manual sketches, outputs of

simpler segmentation algorithms, or previous iterations of SAM itself. For example, a med-
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ical professional might draw an approximate outline around a tumor in a scan, and SAM

would then refine this into a precise boundary that captures subtle anatomical details. Mask

prompts are especially valuable in interactive editing workflows, where users iteratively refine

segmentations—startingwith a preliminarymask and progressively improving it through ad-

ditional prompts until achieving the desired accuracy. Text prompts enable natural language

guidance for segmentation tasks. Specifically, SAM’s original paper101 claimed they used

CLIP’s text embedding to prompt SAM. However, such implementation was not included

in SAM’s source code, leaving room for researchers to define their ownway of incorporating

text prompts. The third component of SAM, i.e., mask decoder, combines embeddings pro-

duced by the image encoder and prompt encoder through a transformer architecture with

specialized attentionmechanisms. It processes token sequences representing both image fea-

tures and prompts, generating binary masks that precisely delineate object boundaries. The

decoder can output multiple mask predictions with confidence scores, allowing for ambigu-

ity resolution in complex scenes where multiple valid interpretations exist, e.g., segmenting

an entire car versus just its visible portion. SAM’s class-agnostic designmeans it does not rely

on predefined categories of the domain but instead understands fundamental visual concepts

of “objects” and their boundaries. This general-purpose approach allows it to segment novel

objects never seen during training, making it effective across diverse domains from natural

scenes to medical imaging without domain-specific fine-tuning.

SAMalso functionswithout any prompts. In the context of iRAPStarRatings, this could

correspond to situations where an annotator is starting safety assessment job fresh or when

an annotator looks at data collected from an unfamiliar location, and thus the no guidance is

provided. SAM then turns on its “everythingmode” as an automatic object discovery system.
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Figure 3.1: SAM can be prompted by four types of inputs: point, box, mask, and text. Two most common forms in the
literature of prompts are point and box. In this dissertation, we focus on point prompts implicitly, i.e., all types of input are
transformed to points to feed to SAM.

Behind the scene, the system overlays a regular equally-distanced grid of points across the

image depending on desired level of detail. For a standard 1024×1024 image with 64-pixel

grid spacing, this creates approximately 256 sampling points across the image surface. At each

grid point, SAMperforms foreground prediction: “what object exists at this point” and each

point prompt is processed individually. This would generate a large number of masks over

all prompted points and thesemasks are then processed through non-maximum suppression

(NMS) algorithms to remove redundancies, as YOLO models do146. NMS retains only the

highest-quality mask for each distinct object. The combined output of “everything mode”

resembles having every possible object clicked and individually processed in the image.

Our core hypothesis in this chapter is SAM can be effectively applied to the task of seman-

tic segmentation for road infrastructure element recognition. In particular, its strong gener-

alization capabilities may eliminate the need for domain-specific fine-tuning, while its ability

to produce high-quality, clean-cut masks is expected to enhance segmentation accuracy and

boundary precision.
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3.3.2 Domain priors

Gal and Ghahramani53 proved that applying dropout during inference time can be inter-

preted as an approximation to a Bayesian Neural Network. This connection established

dropout as more than just a regularization technique—it offers a mathematically proved ap-

proach to uncertainty quantification in deep learning models. By keeping dropout layers

active during inference time, deterministic neural networks become approximate Bayesian

models, capable of providing uncertainty estimates alongside predictions, without the com-

putational burden of traditional Bayesian methods. Multiple stochastic forward passes with

active dropout produce a distribution of predictions for each pixel. This distribution cap-

tures both aleatoric uncertainty (inherent randomness in the data) and epistemic uncertainty

(model uncertainty due to limited training data). Each pass produces slightly different seg-

mentation masks for the same input image, forming a probability distribution over possible

class assignments for each pixel. For DeepLab architectures39, implementing such Monte

Carlo (MC) dropout requires strategic placement of dropout layers, typically aftermajor fea-

ture extraction blocks. Themost effective placement is after theAtrous Spatial PyramidPool-

ing (ASPP)module, which aggregatesmulti-scale contextual features while preserving spatial

resolution. Introducing dropout at this stage allows stochasticity to be injected into high-

level semantic representations, enabling the model to capture epistemic uncertainty with-

out significantly degrading its representational capacity or segmentation performance. For

Transformer-based models like Mask2Former41 with Swin backbones, the SwinDropPath

mechanism serves as an ideal uncertainty estimator. Unlike standard dropout that randomly

zeroes activations, SwinDropPath stochastically drops entire pathswithin the computational

graph during inference, providing structured forms of uncertainty that better align with the
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hierarchical representations learned by these models.

While segmentationmodels do produce probability distributions via softmax, these prob-

abilities only capture aleatoric uncertainty (data uncertainty) but fail to represent epistemic

uncertainty (model uncertainty). Softmax outputs only represent relative preferences be-

tween classes based on a single deterministic forward pass, often resulting in overconfident

predictions evenwhen themodel encounters unfamiliar inputs. The fundamental limitation

is that standard softmax probabilities are derived from point estimates of network weights

rather than distributions over weights. This means a model might assign high confidence,

e.g., 0.99 probability, to entirely wrong predicted classes when facing out-of-distribution

data, providing misleading confidence in areas where the model has limited knowledge. MC

dropout addresses this limitation by approximating a Bayesian treatment of neural networks

through multiple stochastic forward passes with dropout enabled. Each pass samples from

an implicit distribution over network weights, producing a distribution of predictions that

captures both aleatoric and epistemic uncertainty—high variance across MC samples indi-

cates regions where the model’s knowledge is limited due to training data sparsity or domain

shifts. Therefore, the most valuable prior information domain models can provide is pix-

elwise uncertainty, which serves as proxy for prediction confidence at this pixel, offering a

principled way to identify regions where predictions are less reliable. This prior knowledge

can be quantified using mutual information105 based onMC runs.

If we denote the probability from the i-th MC run of class c at pixel (h,w) as pi(c, h,w),

we would have
∑

c pi(c, h,w) = 1 given it is a distribution over all candidate classes c. The
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expected probability for class c at pixel (h,w) can be obtained as an average from allMC runs

p̄(c, h,w) = Ei
[
pi(c, h,w)

]
=

1
N

N∑
i=1

pi(c, h,w) (3.1)

Predictive entropy, i.e., entropy of the average prediction, can be computed as

H
(
p̄(h,w)

)
= −

C∑
c=1

p̄(c, h,w) · log p̄(c, h,w) (3.2)

And individual entropy fromMC run i is

H
(
pi(h,w)

)
= −

C∑
c=1

pi(c, h,w) · log pi(c, h,w) (3.3)

Therefore, mutual information at pixel (h,w) from these MC runs

MI(h,w) = H
(
p̄(h,w)

)
− 1

N

N∑
i=1

H
(
pi(h,w)

)
(3.4)

and predicted class at pixel (h,w) is

ŷ(h,w) = argmax
c

p̄(c, h,w) (3.5)

Wehypothesize that pixel-levelmutual information serves as a reliable proxy formodel con-

fidence, and that selecting pixels based on this measure can effectively guide the classification

of each mask generated by SAM.
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3.3.3 Integrate SAMwith domain priors

Figure 3.2 illustrates proposed zero-shot inferencepipeline that integrates SAMwithdomain-

specific prior knowledge discussed earlier.

Figure 3.2: Domain priors enable context‐aware classification of SAM’s masks. SAM generates equally distanced grid and
produces masks, i.e., in “everything mode”. Prior knowledge from domain models are estimated from Monte Carlo (MC)
dropout forward passes per pixel: mutual information and class probability distribution. Mutual information is used to
select confident pixels per mask with pre‐defined local percentiles and most likely class of these pixels is used in majority
voting for the mask.

The process begins with a SLI where a uniform sampling grid is applied, creating equally

distanced points. SAM treats each sampled point on the grid as an individual point prompt

and generates initial segmentation masks for them. Produced masks are post-processed with

hyperparameters, including (1) pred_iou = 0.88: a threshold on the model’s predicted In-

tersection over Union (IoU) score for each mask, hoping to retain only the high-confidence

masks—those that the model thinks are likely to be accurate; (2) stability_score = 0.95:

a measure of stability of the predicted mask under small perturbations to the input prompt,

e.g., slightly changing the point or bounding box prompt, in order to prioritize reliable and
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repeatable masks, filtering out those that may fluctuate due to prompt sensitivity. Concur-

rently, the input image is processed through a domain model that performs multiple MC

runs with Dropout or DropPath enabled (depending on the model family). This generates

multiple forward passes that capture model uncertainty, from which two key metrics are

computed: mutual information (quantifying prediction uncertainty per pixel) and probabil-

ity expectation (estimating class probability distributions) as Equations 3.4 and 3.5 describe.

Mutual information is then used to select confident pixels within each mask based on pre-

defined local percentile band that are believed to include confident pixels. For eachmask, the

selected confident pixels participate in majority voting where the most frequently predicted

class among these pixels becomes the mask’s label. The final output is a class-aware segmen-

tation map. Selecting confident pixels based on mutual information could be be ineffective

or complex, but we hypothesize that a carefully selected range based on local percentiles is

sufficient to produce good voting result. Figure 3.3 shows outputs of the proposed method

step by step: (1) SAM produces class-agnostic masks from grid sampling, where colors are

based on order of the masks; (2) majority voting based on domain model predictions decides

a class per mask; (3) for pixels not covered by any mask, the framework would use domain

model predictions as fallback.

3.4 Results

Models are benchmarked on the Mapillary Vistas dataset, which consists of 25,000 high-

resolution images collected fromdiverse geographic locations around theworld and captured

under variousweather and lighting conditions131. These images are annotatedwith semantic

labels per pixel covering 66 object categories, 24 of which are related to road infrastructure el-
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(a)Masks produced by SAM (b) Segmentation of pixels covered by
masks after domain voting

(c) Segmentation of all pixels with un‐
covered pixels defaulted to domain
model

Figure 3.3: Proposed pipeline includes three steps: (a) SAM generates class‐agnostic masks; (b) majority voting based on
domain priors assigns labels per mask; (c) pixels not covered by any SAM mask fall back to domain model prediction. The
pipeline enables flexible integration of strong boundaries and domain‐aware classification.

ements in iRAP. The dataset is divided into 18,000 training images, 2,000 validation images,

and 5,000 test images, with image resolutions ranging from 1024×768 to 4000×6000 pixels.

For fair comparison, we only look at the validation set as domain benchmarks are extensively

trained on the training set. The 25 classes related to road infrastructure elements are picked

from the taxonomy and performances on this cohort is reported with overall metrics: Curb,

Fence, Guard Rail, Barrier, Wall, Bike Lane, Crosswalk - Plain, Parking, Rail Track, Road,

Service Lane, Sidewalk, Lane Markings - Crosswalk, Lane Markings - General, Catch Basin,

Fire Hydrant, Junction Box, Manhole, Pothole, Street Light, Pole, Sign Frame, Utility Pole,

Traffic Light, Traffic Sign - Front.

Standard metrics from semantic segmentation tasks are used in this study. Intersection

over Union (IoU), also known as the Jaccard index, measures the overlap area between the

predicted segmentation mask and the ground truth divided by their union. It ranges from 0

to 1, where 1 indicates perfect overlap. IoU is widely used in segmentation tasks because it

penalizes both false positives and false negatives equally, making it sensitive to segmentation

quality regardless of class imbalance. It is measured per class and then averaged across classes
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to provide an overall performance measure: mean IoU or mIoU.

IoUc =
TPc

TPc + FPc + FNc
(3.6)

mIoU =
1
C

C∑
c=1

IoUc (3.7)

Accuracy for semantic segmentation is measured over pixels. It is the ratio of correctly

classified pixels to the total number of pixels of the class in the image. Despite being straight-

forward, this metric can be biased when dealing with unbalanced classes among pixels, as

high accuracy might be achieved by simply predicting the dominant class. This is partic-

ularly true in road infrastructure recognition in SLIs because background object classes like

sky and road could take up a huge portion of the view. Accuracy can be averaged in twoways:

mean accuracy mAcc is the arithmetic mean of per-class accuracies, telling howwell each class

is recognized by treating all classes equally, regardless of their frequency in the dataset; aver-

age accuracy aAcc is the overall pixel-level accuracy, telling overall correctness across all pixels

or examples, weighted by class frequency and thus dominated by common classes.

Accc =
TPc

TPc + FNc
(3.8)

mAcc =
1
C

C∑
c=1

Accc (3.9)

aAcc =

∑C
c=1 TPc∑C

c=1
(
TPc + FPc + FNc

) (3.10)

TheDice coefficientmeasures the overlapbetween thepredicted segmentation andground

truth. Similar to IoU, value of Dice coefficient ranges from 0 to 1, with 1 indicating perfect
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overlap. In fact, it is not hard to see Dice and IoU are related via Dice = 2×IoU
1+IoU

. This means

that Dice always gives a higher numerical value than IoU for the same segmentation result

(except at the extreme values of 0 and1,where they are equal). This alsomeans thatwhile IoU

penalizes both false positives and false negatives equally, Dice coefficient gives more weight

to true positives relative to false positives and false negatives. Or in other words, Dice ignores

the overwhelmingnumber of truenegatives and concentrates onhowwell themodel captures

the rare positive class, making it better suited for imbalanced data. Hence Dice is especially

useful for evaluating segmentation of small structures or when classes are imbalanced.

Dicec =
2 · TPc

2 · TPc + FPc + FNc
(3.11)

mDice =
1
C

C∑
c=1

Dicec (3.12)

Precision, recall, and F score are common standard metrics used in classification prob-

lems. Precision measures the proportion of correct positive pixels among all pixels predicted

as positive. High precision indicates low false positive rates, meaning when the model pre-

dicts a pixel belongs to a class, it is likely correct. Recall measures the proportion of actual

positive pixels that are correctly identified. It focuses on themodel’s ability to find all positive

instances. High recall indicates low false negative rates, meaning themodel successfully iden-

tifies most pixels that belong to a class. F1 score is the harmonic mean of precision and recall,

providing a balance between the twometrics, and equalsDice coefficient in the segmentation

context.
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Precisionc =
TPc

TPc + FPc
(3.13)

mPrecision =
1
C

C∑
c=1

Precisionc (3.14)

Recallc =
TPc

TPc + FNc
(3.15)

mRecall =
1
C

C∑
c=1

Recallc (3.16)

Fscorec = 2 · Precisionc · Recallc
Precisionc + Recall c

(3.17)

mFscore =
1
C

C∑
c=1

Fscorec (3.18)

3.4.1 Single pass

Thehypothesis that SAMis effective for road infrastructure element recognitionusing SLIs is

validated by two key observations. Firstly, we demonstrate that the proposed pipeline using

SAM (see Figure 3.2) achieves a higher upper bound than baseline domain model predic-

tions. Instead of voting with domain model predictions for each mask, most frequent class

is selected based on ground truth labels from confident pixels. If this combination of SAM

masks with ground truth voting underperforms relative to baseline domain models, it im-

plies that using domain models cannot surpass this ceiling—rendering further exploration

of SAM-based approaches ineffective—because predictions for pixels not covered by SAM

segmentation masks are defaulted to domain models. Table 3.4 presents this comparison on

the validation set of Mapillary Vistas, with the two domain models trained on this dataset
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(the training set). For the comparison to be fair, metrics are calculated on pixels covered by

SAM’s masks. Results clearly show that S1 + GT outperforms both domainmodels by large

margin in all metrics. This superior performance also extends to the selected classes related

to road infrastructure elements. This proves the proposed pipeline is taking advantage of

SAM’s superior mask quality and making the right selection of confident pixels. Table 3.5

provides per-class comparisons to support the validated upper bound.

Table 3.4: Overall metrics comparing SAM + vote by ground
truth labels (S1 + GT) vs. baseline domain models on covered
pixels.

Metric S1 + GT Mask2Former Deeplabv3+

aAcc 0.970 0.928 0.918
mAcc 0.906 0.668 0.579
mIoU 0.862 0.516 0.468
mDice 0.920 0.642 0.593
mPrecision 0.939 0.636 0.652
mRecall 0.906 0.668 0.579
mFscore 0.920 0.642 0.593
aAcc_select 0.939 0.869 0.847
mIoU_select 0.812 0.524 0.486
mDice_select 0.891 0.670 0.631
mPrecision_select 0.920 0.678 0.690
mRecall_select 0.869 0.669 0.614
mFscore_select 0.891 0.670 0.631

Note. “S1” – SAM (one pass), “GT” – vote by ground truth label.

Quality of mask edges also supports SAM’s effectiveness for our task. Figure 3.4 reveals

qualitatively that SAM produces finer and more continuous boundaries than the two do-

main segmentation models. While the ground truth boundaries are focusing on the outer

boundary of objects, SAMcaptures additional details such as fine structures on vehicles, traf-

fic lights, and power lines. This enhanced delineation holds SAMgreat potential in capturing

elements at fine scales. The upper bound performance in Table 3.4 also tells about quality of

the segmentation masks: if the mask edges have good precision (the pixels of predicted mask

edges are correct) and recall (ground truth mask edges are identified), then the vote result by
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Table 3.5: Class‐wise metrics comparing SAM + vote by ground‐truth labels (S1 + GT) vs. baseline domain models on
covered pixels.
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S1 + GT 0.740 0.907 0.913 0.931 0.942 0.759 0.536 0.639 0.619 0.926 0.749 0.919 0.591 0.668 0.815 0.911 0.948 0.853 0.823 0.709 0.815 0.918 0.849 0.879 0.948
Mask2Former 0.578 0.579 0.646 0.550 0.520 0.361 0.422 0.180 0.496 0.882 0.347 0.692 0.732 0.604 0.451 0.499 0.483 0.492 0.095 0.443 0.502 0.651 0.529 0.659 0.705
Deeplabv3+ 0.560 0.579 0.646 0.494 0.461 0.303 0.275 0.126 0.474 0.853 0.309 0.647 0.597 0.579 0.401 0.469 0.430 0.454 0.020 0.530 0.411 0.528 0.546 0.730 0.727

Acc
S1 + GT 0.822 0.938 0.944 0.950 0.971 0.874 0.628 0.676 0.828 0.980 0.773 0.966 0.658 0.710 0.858 0.958 0.974 0.901 0.853 0.769 0.896 0.957 0.920 0.942 0.975
Mask2Former 0.775 0.765 0.779 0.720 0.675 0.590 0.526 0.312 0.719 0.940 0.453 0.868 0.821 0.766 0.552 0.673 0.710 0.618 0.135 0.560 0.689 0.799 0.698 0.769 0.813
Deeplabv3+ 0.786 0.718 0.718 0.738 0.597 0.436 0.339 0.175 0.652 0.938 0.434 0.791 0.649 0.748 0.501 0.559 0.550 0.595 0.020 0.653 0.690 0.616 0.754 0.827 0.864

Dice
S1 + GT 0.850 0.951 0.954 0.964 0.970 0.863 0.698 0.780 0.765 0.961 0.857 0.958 0.743 0.801 0.898 0.954 0.973 0.920 0.903 0.829 0.898 0.957 0.918 0.936 0.973
Mask2Former 0.733 0.733 0.785 0.709 0.684 0.531 0.593 0.305 0.663 0.937 0.515 0.818 0.845 0.753 0.621 0.666 0.651 0.660 0.173 0.614 0.668 0.789 0.692 0.795 0.827
Deeplabv3+ 0.718 0.734 0.785 0.662 0.631 0.465 0.432 0.224 0.643 0.920 0.472 0.786 0.748 0.733 0.572 0.638 0.601 0.624 0.040 0.692 0.583 0.691 0.706 0.844 0.842

Fscore
S1 + GT 0.850 0.951 0.954 0.964 0.970 0.863 0.698 0.780 0.765 0.961 0.857 0.958 0.743 0.801 0.898 0.954 0.973 0.920 0.903 0.829 0.898 0.957 0.918 0.936 0.973
Mask2Former 0.733 0.733 0.785 0.709 0.684 0.531 0.593 0.305 0.663 0.937 0.515 0.818 0.845 0.753 0.621 0.666 0.651 0.660 0.173 0.614 0.668 0.789 0.692 0.795 0.827
Deeplabv3+ 0.718 0.734 0.785 0.662 0.631 0.465 0.432 0.224 0.643 0.920 0.472 0.786 0.748 0.733 0.572 0.638 0.601 0.624 0.040 0.692 0.583 0.691 0.706 0.844 0.842

Precision
S1 + GT 0.881 0.964 0.965 0.979 0.970 0.853 0.784 0.921 0.710 0.944 0.961 0.950 0.854 0.919 0.941 0.949 0.973 0.940 0.960 0.900 0.900 0.958 0.916 0.929 0.972
Mask2Former 0.695 0.704 0.791 0.699 0.693 0.482 0.681 0.297 0.615 0.935 0.596 0.774 0.870 0.740 0.711 0.658 0.601 0.708 0.239 0.680 0.648 0.778 0.686 0.822 0.842
Deeplabv3+ 0.661 0.750 0.866 0.600 0.670 0.498 0.593 0.310 0.635 0.904 0.517 0.780 0.883 0.719 0.668 0.744 0.664 0.657 0.757 0.737 0.504 0.787 0.664 0.862 0.821

Recall
S1 + GT 0.822 0.938 0.944 0.950 0.971 0.874 0.628 0.676 0.828 0.980 0.773 0.966 0.658 0.710 0.858 0.958 0.974 0.901 0.853 0.769 0.896 0.957 0.920 0.942 0.975
Mask2Former 0.775 0.765 0.779 0.720 0.675 0.590 0.526 0.312 0.719 0.940 0.453 0.868 0.821 0.766 0.552 0.673 0.710 0.618 0.135 0.560 0.689 0.799 0.698 0.769 0.813
Deeplabv3+ 0.786 0.718 0.718 0.738 0.597 0.436 0.339 0.175 0.652 0.938 0.434 0.791 0.649 0.748 0.501 0.559 0.550 0.595 0.020 0.653 0.690 0.616 0.754 0.827 0.864

Note. “S1” = SAM single-pass; “GT” = voting by ground-truth label.

ground truth pixels contained in themasks is supposed to be perfect. Allmetrics being higher

of S1 + GT tells that SAM generate masks significantly better than the two domain models.

Table 3.6 provides another quantitative measurement of this quality. While the precision

metrics might appear lower for SAM at first glance, recall is the more important metric in

this task given the inconsistent level of details between needs of this task and SAM’s output.

Ground truth labels annotate pixels by 65 object classes, unable to distinguish window and

tire of a car. SAM, on the other hand, identifies “objectness” and produces class-agnostic

masks for all of them, many of which could be penalized as “false positives” simply because

these objects are not distinguished in labels, artificially lowering SAM’s precision scores. On

the contrary, recall for edge map tells the percentage of pixels in the ground truth edge map

being captured. At three-pixel dilations, SAM’s substantially higher recall indicates its more

comprehensive boundary detection capabilities. This comparison in edge map recall is visu-

alized in Figure 3.5, where edge map of the ground truth label is colored per pixel. Green
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indicates the existence of pixel in the edge map of the corresponding model’s output within

the dilation neighborhood and thus successfully identified; while red means there is not any

pixel in model’s output edge map close enough and thus the pixel not identified. SAM cap-

tures more boundaries of major objects in the SLI, including buildings, trees, poles, traffic

lights, persons, cars, roadside objects, and even lane markings and manholes, but also fails

to capture details in the guardrails and poles of street lights, compared to Deeplabv3+. This

performance differential suggests that SAM’s architecture enables it to capture a more ex-

haustive and accurate representation of scene boundaries, making it particularly valuable for

applications requiring precise object delineation in complex urban environments.

Table 3.6: Boundary quality metrics (3‐pixel and 10‐pixel dilation radius) of SAM (one pass) vs. baseline domain models.

Model (dilation) Precision Recall F1

SAM (3 pixel) 0.296 0.494 0.370
SAM (10 pixel) 0.524 0.767 0.622
Mask2Former (3 pixel) 0.423 0.292 0.345
DeepLabv3+ (3 pixel) 0.380 0.425 0.402

After establishing a rough upper bound for the proposed framework and observing the

high-quality masks produced by SAM, the next step is to investigate why pixel-level uncer-

tainty is a meaningful signal. Figure 3.6 presents pixel-level mutual information (measure of

prediction uncertainty) and misclassification rate. As mutual information (x-axis) increases

beyond approximately 10−6, there is a corresponding increase in the misclassification rate

(blue line with diamond markers). This trend becomes particularly pronounced at mutual

information values above 10−5, where the misclassification rate rises sharply from about 10%

to over 50% at the highest values. This plot illustrates a clear relationship betweenmutual in-

formation and misclassification rates, demonstrating that our uncertainty metric effectively

identifies problematic regions in the segmentation process, providing a valuable signal for

86



(a) Ground Truth (b) SAM

(c)Mask2Former (d) Deeplabv3+

Figure 3.4: Edge map of SAM’s masks in a representaive street scene. SAM (panel b) produces finer and more continuous
boundaries than the two domain segmentation models (panels c‐d). While the ground truth boundaries (panel a) are
relatively sparse and coarse, SAM (panel b) captures additional details such as fine structures on vehicles, traffic lights, and
power lines. This enhanced delineation contributes to its superior boundary recall performance.
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(a) SAM (3 pixel dilation) (b) SAM (10 pixel dilation)

(c)Mask2Former (3 pixel dilation) (d) Deeplabv3+ (3 pixel dilation)

Figure 3.5: Edge maps of SAM’s masks compare with two baseline domain models. At three‐pixel dilation, edges of SAM’s
masks (panel a) achieve 0.49 recall, while Mask2Former (panel c) achieves 0.29 and Deeplabv3+ (panel d) achieves 0.43.
Edges of SAM’s masks achieve 0.77 recall at ten‐pixel dilation (panel b).
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detecting potential errors in the model’s predictions.

Figure 3.6: Pixel‐wise mutual information is positively related to misclassification rate. As mutual information increases
for pixels, misclassification rates also rise for them, indicating that pixels with higher uncertainty across MC runs are more
prone to error. This trend highlights mutual information as a meaningful indicator of prediction confidence, making it a
useful form of prior knowledge from domain models for identifying unconfident pixels.

With SAM’s utility established andmutual information validated as an effective indicator

of pixel-level confidence, the next key step is to determine an appropriate voting mechanism

to assign class labels to SAM-generated masks. Figure 3.7 provides insights into optimizing

this voting mechanism by plotting the relationship between local percentiles and misclassi-

fication rates, where local percentile of a pixel is calculated by ranking mutual information

within the mask this pixel belongs. Looking at the blue line representing misclassification

rates, we observe a U-shaped pattern with the lowest error rates occurring between the 30th

and 50th local percentiles (approximately 4.5-5%). As the local percentile increases beyond

60th percentile, misclassification rates begin to rise gradually, then increase dramatically after
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the 80th percentile, ultimately exceeding 17% at the highest examples. This stability allows

for direct comparison of performance differences. Given the error rate of pixels at 0th - 75th

percentiles do not deviate much, a upper threshold of 70th local percentile can be used. An

even better approach is to use interval 30th to 50th percentiles as this range is associated with

the lowest pixel-wise misclassification rates. This finding establishes a data-driven approach

to uncertainty-based voting that maximizes segmentation accuracy while maintaining com-

putational efficiency by utilizing only the most confident and stable subset of pixels.

Figure 3.7: Local percentiles of pixel‐wisemutual information are related tomisclassification rate. This relationship exhibits
a clear and monotonic pattern, with the highest misclassification rates concentrated in the top percentiles. In contrast, pix‐
els within themiddle percentile range (e.g., 20th–60th) show the lowest error rates. This simplicity makes percentile‐based
thresholding a practical strategy for identifying reliable predictions. By retaining only pixels within a selected confidence
interval, such as the 20–60% range, downstream voting steps can prioritize more trustworthy pixels.

Leveraging these validated components, the proposed model achieves solid performance

compared to baselinemodels. Table 3.7 shows S1 +M (combining SAMwithMask2Former

votes) does not reach the upper bound of S1 + GT, but it does reach the range of domain
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model performances. It is particularly noticeable that S1 + M outperforms Deeplabv3+ at

mIoU and mDice metrics considering overall object classes in the dataset and among the se-

lected infrastructure class cohort. This means the proposed approach demonstrates special-

ized effectiveness for infrastructure segmentation tasks. Table 3.8 and Table 3.9 describe a

similar story for all pixels regardless of whether they are covered or not by SAM’s masks.

Table 3.7: Overall metrics comparing SAM + vote by ground truth labels (S1 +
GT) vs. baseline domain models vs. S1 + M on covered pixels.

Metric S1 + GT
(upper bound)

Mask2Former
(baseline)

Deeplabv3+
(baseline)

S1 +M
(proposed)

aAcc 0.970 0.928 0.918 0.912
mAcc 0.906 0.668 0.579 0.616
mIoU 0.862 0.516 0.468 0.473
mDice 0.920 0.642 0.593 0.617
mPrecision 0.939 0.636 0.652 0.624
mRecall 0.906 0.668 0.579 0.616
mFscore 0.920 0.642 0.593 0.617
aAcc_select 0.939 0.869 0.847 0.843
mIoU_select 0.812 0.524 0.486 0.490
mDice_select 0.891 0.670 0.631 0.634
mPrecision_select 0.920 0.678 0.690 0.657
mRecall_select 0.869 0.669 0.614 0.614
mFscore_select 0.891 0.670 0.631 0.634

Note. “S1” – SAM (one pass), “GT” – vote by ground truth label.

3.4.2 Iterative sampling

Table 3.10 presents the drop of performance from pixels covered by SAM masks to all pix-

els in the SLIs. Performance on all pixels is consistently lower than performances on pixels

that are covered by SAMmasks. This suggests that the quality of prediction is higher in areas

where SAMprovides coverage, whichmeans our proposedmechanism that domain votes on

SAMmasks is better than domain models themselves. Two strategies could narrow this gap

by improving SAM’s pixel-level coverage. The first idea focuses on increasing the sampling

density of the grid. Given the dimensions of SLIs in Mapillary Vistas, the sampling grid can
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Table 3.8: Overall metrics comparing S1 + GT vs. baseline domain models vs. S1
+ M on all pixels.

Metric S1 + GT
(upper bound)

Mask2Former
(baseline)

Deeplabv3+
(baseline)

S1 +M
(proposed)

aAcc 0.913 0.914 0.908 0.873
mAcc 0.825 0.646 0.562 0.588
mIoU 0.785 0.488 0.448 0.469
mDice 0.872 0.618 0.576 0.601
mPrecision 0.932 0.609 0.634 0.644
mRecall 0.825 0.646 0.562 0.588
mFscore 0.872 0.618 0.576 0.601
aAcc_select 0.887 0.852 0.834 0.815
mIoU_select 0.739 0.494 0.466 0.476
mDice_select 0.844 0.645 0.614 0.627
mPrecision_select 0.913 0.649 0.674 0.689
mRecall_select 0.791 0.647 0.596 0.582
mFscore_select 0.844 0.645 0.614 0.627

Note. “S1” – SAM (one pass), “GT” – vote by ground truth label, “M” – vote byMask2Former predictions.

start from 32×32 and grow to 64×64, or 128×128. That would translate to roughly a sam-

pling point every 24 pixels per side of the SLI. The hypothesis is that this dense sampling grid

would capture all meaningful objects in the SLI in one pass. The second idea also seeks to

cover allmeaningful objects in the SLIwith the sampling grid; however instead of completing

in one pass with an extremely dense grid, it proposes a two-pass iterative approach. This idea

considers the post-processing mechanism of SAMmasks, in particular the NMS step, where

overlapping masks are merged to preserve the best one. Given this mechanism, an extremely

dense sampling grid hoping to capture everything in one pass would be inefficient because

all of its sampled points will be processed individually but most of the generated masks will

be merged. This fact motivates an adaptive approach, where a coarse grid can capture major

objects in the SLI from the first pass. In the second pass a finer grid can avoid areas covered by

masks generated via the coarse grid and focus on previously uncovered pixels. This iterative

approach builds on an greedy assumption that SAMmasks are coherent andmasks produced

in later passes are not bigger than masks produced in previous passes, otherwise they would
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Table 3.9: Class‐wise metrics comparing S1 + GT, Mask2Former, Deeplabv3+, and S1 + M on all pixels.
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S1 + GT 0.588 0.762 0.758 0.858 0.888 0.733 0.512 0.554 0.571 0.897 0.683 0.849 0.563 0.629 0.763 0.811 0.908 0.837 0.807 0.574 0.679 0.824 0.716 0.809 0.906
Mask2Former 0.537 0.542 0.598 0.521 0.492 0.358 0.415 0.179 0.480 0.869 0.339 0.672 0.719 0.591 0.432 0.445 0.457 0.485 0.093 0.384 0.425 0.599 0.453 0.597 0.662
Deeplabv3+ 0.530 0.563 0.596 0.473 0.444 0.298 0.271 0.134 0.454 0.842 0.308 0.630 0.590 0.569 0.386 0.428 0.415 0.448 0.020 0.482 0.385 0.507 0.493 0.683 0.694
S1 +M 0.464 0.519 0.589 0.513 0.515 0.354 0.257 0.137 0.414 0.843 0.316 0.645 0.467 0.535 0.444 0.514 0.480 0.501 0.065 0.387 0.479 0.625 0.498 0.647 0.700

Acc

S1 + GT 0.653 0.789 0.784 0.875 0.915 0.843 0.601 0.586 0.764 0.950 0.704 0.892 0.626 0.668 0.804 0.853 0.933 0.885 0.836 0.623 0.747 0.859 0.776 0.867 0.932
Mask2Former 0.739 0.736 0.756 0.701 0.652 0.583 0.517 0.312 0.696 0.931 0.441 0.847 0.810 0.754 0.537 0.629 0.689 0.611 0.135 0.508 0.635 0.772 0.657 0.733 0.791
Deeplabv3+ 0.760 0.701 0.682 0.722 0.578 0.428 0.334 0.187 0.629 0.932 0.430 0.774 0.641 0.737 0.483 0.519 0.533 0.588 0.020 0.609 0.650 0.599 0.718 0.794 0.844
S1 +M 0.579 0.646 0.652 0.662 0.657 0.525 0.321 0.220 0.606 0.923 0.383 0.801 0.536 0.605 0.514 0.620 0.687 0.605 0.102 0.452 0.607 0.735 0.610 0.727 0.785

Dice

S1 + GT 0.740 0.865 0.862 0.924 0.941 0.846 0.678 0.713 0.727 0.946 0.812 0.918 0.720 0.772 0.865 0.896 0.952 0.911 0.893 0.729 0.809 0.904 0.834 0.894 0.951
Mask2Former 0.698 0.703 0.748 0.685 0.660 0.527 0.587 0.304 0.648 0.930 0.506 0.804 0.836 0.743 0.603 0.616 0.627 0.653 0.171 0.555 0.597 0.749 0.624 0.748 0.797
Deeplabv3+ 0.692 0.720 0.747 0.642 0.615 0.459 0.426 0.236 0.624 0.914 0.471 0.773 0.742 0.725 0.557 0.599 0.586 0.619 0.039 0.651 0.555 0.673 0.661 0.812 0.820
S1 +M 0.634 0.683 0.742 0.678 0.680 0.523 0.409 0.241 0.585 0.915 0.481 0.784 0.637 0.697 0.615 0.679 0.649 0.667 0.123 0.558 0.648 0.769 0.665 0.786 0.823

Fscore

S1 + GT 0.740 0.865 0.862 0.924 0.941 0.846 0.678 0.713 0.727 0.946 0.812 0.918 0.720 0.772 0.865 0.896 0.952 0.911 0.893 0.729 0.809 0.904 0.834 0.894 0.951
Mask2Former 0.698 0.703 0.748 0.685 0.660 0.527 0.587 0.304 0.648 0.930 0.506 0.804 0.836 0.743 0.603 0.616 0.627 0.653 0.171 0.555 0.597 0.749 0.624 0.748 0.797
Deeplabv3+ 0.692 0.720 0.747 0.642 0.615 0.459 0.426 0.236 0.624 0.914 0.471 0.773 0.742 0.725 0.557 0.599 0.586 0.619 0.039 0.651 0.555 0.673 0.661 0.812 0.820
S1 +M 0.634 0.683 0.742 0.678 0.680 0.523 0.409 0.241 0.585 0.915 0.481 0.784 0.637 0.697 0.615 0.679 0.649 0.667 0.123 0.558 0.648 0.769 0.665 0.786 0.823

Precision

S1 + GT 0.855 0.958 0.958 0.977 0.968 0.848 0.777 0.909 0.693 0.942 0.958 0.946 0.848 0.915 0.938 0.943 0.972 0.939 0.959 0.880 0.883 0.953 0.902 0.924 0.971
Mask2Former 0.662 0.673 0.741 0.670 0.668 0.481 0.678 0.296 0.607 0.929 0.595 0.765 0.865 0.733 0.688 0.604 0.575 0.701 0.233 0.612 0.563 0.727 0.593 0.763 0.802
Deeplabv3+ 0.636 0.741 0.825 0.579 0.658 0.494 0.589 0.320 0.620 0.897 0.520 0.772 0.881 0.713 0.657 0.709 0.651 0.653 0.750 0.698 0.485 0.768 0.611 0.831 0.797
S1 +M 0.701 0.725 0.860 0.694 0.704 0.520 0.565 0.268 0.566 0.906 0.645 0.768 0.784 0.822 0.764 0.750 0.614 0.744 0.155 0.729 0.694 0.807 0.731 0.854 0.866

Recall

S1 + GT 0.653 0.789 0.784 0.875 0.915 0.843 0.601 0.586 0.764 0.950 0.704 0.892 0.626 0.668 0.804 0.853 0.933 0.885 0.836 0.623 0.747 0.859 0.776 0.867 0.932
Mask2Former 0.739 0.736 0.756 0.701 0.652 0.583 0.517 0.312 0.696 0.931 0.441 0.847 0.810 0.754 0.537 0.629 0.689 0.611 0.135 0.508 0.635 0.772 0.657 0.733 0.791
Deeplabv3+ 0.760 0.701 0.682 0.722 0.578 0.428 0.334 0.187 0.629 0.932 0.430 0.774 0.641 0.737 0.483 0.519 0.533 0.588 0.020 0.609 0.650 0.599 0.718 0.794 0.844
S1 +M 0.579 0.646 0.652 0.662 0.657 0.525 0.321 0.220 0.606 0.923 0.383 0.801 0.536 0.605 0.514 0.620 0.687 0.605 0.102 0.452 0.607 0.735 0.610 0.693 0.785

Note. “S1” – SAM (one-pass); “GT” – vote by ground-truth label; “M” – vote byMask2Former predictions.

have been included in early masks already.

A critical argument for iterative sampling is the combination of diminishing return and

exponentially growing compute costs of denser grids in the one heavy pass. As intuitively

shown in Figure 3.8, when the uniform sampling grid becomes denser, pixel coverage ratio

improves but the increase diminishes. Meanwhile, computation cost increases exponentially

because each sampled point must be processed individually and is thusO(n2) on the resolu-

tion.

More formally, SAM generates high-quality segmentation masks across diverse visual do-

mainswith remarkable zero-shot transferability, but its prompt-based architecture inherently

limits comprehensive pixel coverage across entire scenes, particularly in complex, feature-

dense environments with overlapping objects or ambiguous boundaries. Therefore, SAM’s

effectiveness in infrastructure element recognition within SLIs is fundamentally tied to cov-
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Table 3.10: Overall metrics comparing covered
pixels vs. all pixels for S1 + M.

Metric Covered pixels All pixels

aAcc 0.912 0.873
mAcc 0.616 0.588
mIoU 0.473 0.469
mDice 0.617 0.601
mPrecision 0.624 0.644
mRecall 0.616 0.588
mFscore 0.617 0.601
aAcc_select 0.843 0.815
mIoU_select 0.490 0.476
mDice_select 0.634 0.627
mPrecision_select 0.657 0.689
mRecall_select 0.614 0.582
mFscore_select 0.634 0.627

Note. “S1” – SAM (one pass), “M” – vote by Mask2Former predic-
tions.

Figure 3.8: Cost of coverage by denser grid sampling increases exponentially, while the benefit shows diminishing re‐
turns. As the number of sampling points used by SAM increases, pixel coverage improves from 91% to 95%. However,
the relative computational cost grows rapidly (e.g., 64x at 128 points), whereas the marginal gain in coverage becomes
increasingly small. This trade‐off highlights the need for a smarter iterative sampling approach if high level of coverage
must be achieved.
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erage of masks it produces. This relationship between mask coverage and detection perfor-

mance becomes critical when dealing with infrastructure elements that exhibit unconven-

tional morphologies, atypical visual characteristics, and variable scale representations within

SLIs. While increasing thedensity of sampling grid in “everythingmode” represents a straight-

forward approach to enhancing mask coverage within our application, this strategy requires

an inherent balance: denser sampling improves coverage and thus assumingmasks are of high

quality, performance will enhance as well; however, this improvement comes at the expense

of substantially increased computational overhead. The computational burden increases ex-

ponentially with sampling grid density, which can significantly hinder practical adoption by

researchers and practitioners.

To address this tension between coverage and computational efficiency, we propose an it-

erative sampling methodology based on the idea previously described. This approach adds a

loop to SAM module as shown in Figure 3.9. This approach begins with a relatively sparse

initial sampling grid to establish reasonably good basic mask coverage. Subsequently, the

system samples additional prompt points from uncovered regions, progressively refining the

segmentation with minimal addition of sampled points. This adaptive approach maintains

high-qualitymask coverage critical for infrastructure element detectionwhile simultaneously

optimizing the computational efficiency of the SAM implementation in SLI datasets. Con-

trasting “S1”, which stands for masks produced by one forward pass of SAM, we denote

masks produced by two forward passes of SAM as “S2”.

The sampling grid from the first and second passes look very different (see Figure 3.10)

because masks from the first iteration already cover significant number of pixels in the scene

(see Figure 3.11. In particular, the second pass adds poles, fences, street lights to captured
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Figure 3.9: Iterative sampling adds a feedback loop to enhance refine spatial prompt selection for improvedmask coverage.
Building on the previous pipeline Figure 3.2, this design introduces a loop that re‐samples additional points in uncovered
or uncertain regions based on previous outputs. This iterative process allows Segment Anything Model (SAM) to incre‐
mentally improve its coverage with minimal redundancy.

objects and many of them are at very small scale in the SLI.

(a) Sampling grid from 1st pass. (b) Sampling grid from 2nd pss.

Figure 3.10: Iterative sampling generates adaptive grid patterns across different forward passes of SAM: (a) the first pass
builds a standard equally distanced grid to capture coarse objects; (b) the second pass samples on the previously uncovered
pixels with an adaptive grid.

This is also reflected in performance metrics. Table 3.11 shows that S2 +M (masks gener-

96



(a)Masks from the first pass (b) Final masks and sampling points
from the second pass

(c) Final results and sampling points
from the second pass

Figure 3.11: Iterative sampling improves mask coverage efficiently by sampling additional points on top of first pass (panel
a). Sampling of the second pass (panel b) targets uncovered or under‐segmented regions, producing refined masks and
improved coverage (panel b). Final segmentation results with combinedmasks and sampling points from both passes (panel
c) exhibits enhanced completeness and object delineation with minimal additional cost.

ated by two SAMforward passes + domain vote byMask2Former) outerforms S1 +M signif-

icantly in all aspects. Specifically, across metrics that account for all classes in the Mapillary

Vistas dataset, S2 +M shows consistent improvement of 20% absolute value onmetrics cov-

ering all object classes. An evenmore positive trend holds for metrics accounting for selected

infrastructure element classes, where S2 +M boosts performance past S1 +M by almost 30%

absolute value: mIoU_select from 0.476 to 0.507, mDice_select from 0.627 to 0.658, and

mRecall_select from 0.582 to 0.626. These results suggest that the two-pass SAM strategy

followed by domain voting yields better pixel-level coverage and due to SAM’s high-quality

masks and their boundaries plus trustworthy domain voting, the improved coverage trans-

lates to better segmentation results. S2 + M also outperforms domain models, showing our

proposed strategies to integrate SAM masks and domain model voting are on a promising

path. Table 3.12 further provides a breakdown of this leap on selected infrastructure classes.
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Table 3.11: Overall metrics comparing S1 + GT vs. baseline domain models vs. two proposed
variants on all pixels.

Metric S1 + GT
(upper bound)

Mask2Former
(baseline)

Deeplabv3+
(baseline)

S1 +M
(variant 1)

S2 +M
(variant 2)

aAcc 0.913 0.914 0.908 0.873 0.891
mAcc 0.825 0.646 0.562 0.588 0.607
mIoU 0.785 0.488 0.448 0.469 0.491
mDice 0.872 0.618 0.576 0.601 0.621
mPrecision 0.932 0.609 0.634 0.644 0.660
mRecall 0.825 0.646 0.562 0.588 0.602
mFscore 0.872 0.618 0.576 0.601 0.621
aAcc_select 0.887 0.852 0.834 0.815 0.847
mIoU_select 0.739 0.494 0.466 0.476 0.507
mDice_select 0.844 0.645 0.614 0.627 0.658
mPrecision_select 0.913 0.649 0.674 0.689 0.694
mRecall_select 0.791 0.647 0.596 0.582 0.626
mFscore_select 0.844 0.645 0.614 0.627 0.658

Note. “S1” – SAM (one pass), “S2” – SAM (two pass), “GT” – vote by ground truth label, “M” – vote byMask2Former predictions.

3.5 Discussions

This chapter first proposes a framework to integrate SAM’s zero-shot mask generation with

prior knowledge from domain models trained on road infrastructure element recognition

task. This framework is refined with an addition of iterative sampling step, allowing adap-

tive refinement over initial masks and grids based on the model’s evolving confidence and

coverage. Results show that while one-pass model performs similarly with baseline domain

models, it offers competitive performances on selected object classes that correspond to road

infrastructure elements. The two-pass model boosts the performance significantly over its

predecessor, by 20% absolute value in metrics accounting for all object classes in the dataset

and by 30% absolute value in metrics accounting for infrastructure elements. Other ma-

jor contributions of the chapter include finding a numerical upper bound of the proposed

methodology and articulating the tradeoff between the diminishing return in pixel-level cov-

erage and exponentially increasing computing costs due to rising grid density, which leads to
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Table 3.12: Class‐wise metrics comparing S1 + GT vs. baseline models vs. two proposed variants on all pixels.
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S1 + GT 0.588 0.762 0.758 0.858 0.888 0.733 0.512 0.554 0.571 0.897 0.683 0.849 0.563 0.629 0.763 0.811 0.908 0.837 0.807 0.574 0.679 0.824 0.716 0.809 0.906
Mask2Former 0.537 0.542 0.598 0.521 0.492 0.358 0.415 0.179 0.480 0.869 0.339 0.672 0.719 0.591 0.432 0.445 0.457 0.485 0.093 0.384 0.425 0.599 0.453 0.597 0.662
Deeplabv3+ 0.530 0.563 0.596 0.473 0.444 0.298 0.271 0.134 0.454 0.842 0.308 0.630 0.590 0.569 0.386 0.428 0.415 0.448 0.020 0.482 0.385 0.507 0.493 0.683 0.694
S1 +M 0.464 0.519 0.589 0.513 0.515 0.354 0.257 0.137 0.414 0.843 0.316 0.645 0.467 0.535 0.444 0.514 0.480 0.501 0.065 0.387 0.479 0.625 0.498 0.647 0.700
S2 +M 0.551 0.683 0.748 0.833 0.655 0.420 0.325 0.404 0.415 0.912 0.421 0.514 0.466 0.645 0.567 0.676 0.587 0.321 0.403 0.463 0.445 0.742 0.514 0.803 0.711

Acc

S1 + GT 0.653 0.789 0.784 0.875 0.915 0.843 0.601 0.586 0.764 0.950 0.704 0.892 0.626 0.668 0.804 0.853 0.933 0.885 0.836 0.623 0.747 0.859 0.776 0.867 0.932
Mask2Former 0.739 0.736 0.756 0.701 0.652 0.583 0.517 0.312 0.696 0.931 0.441 0.847 0.810 0.754 0.537 0.629 0.689 0.611 0.135 0.508 0.635 0.772 0.657 0.733 0.791
Deeplabv3+ 0.760 0.701 0.682 0.722 0.578 0.428 0.334 0.187 0.629 0.932 0.430 0.774 0.641 0.737 0.483 0.519 0.533 0.588 0.020 0.609 0.650 0.599 0.718 0.794 0.844
S1 +M 0.579 0.646 0.652 0.662 0.657 0.525 0.321 0.220 0.606 0.923 0.383 0.801 0.536 0.605 0.514 0.620 0.687 0.605 0.102 0.452 0.607 0.735 0.610 0.727 0.785
S2 +M 0.614 0.833 0.813 0.838 0.781 0.690 0.421 0.837 0.685 0.966 0.481 0.873 0.486 0.756 0.641 0.760 0.738 0.332 0.143 0.532 0.632 0.854 0.745 0.880 0.779

Dice

S1 + GT 0.740 0.865 0.862 0.924 0.941 0.846 0.678 0.713 0.727 0.946 0.812 0.918 0.720 0.772 0.865 0.896 0.952 0.911 0.893 0.729 0.809 0.904 0.834 0.894 0.951
Mask2Former 0.698 0.703 0.748 0.685 0.660 0.527 0.587 0.304 0.648 0.930 0.506 0.804 0.836 0.743 0.603 0.616 0.627 0.653 0.171 0.555 0.597 0.749 0.624 0.748 0.797
Deeplabv3+ 0.692 0.720 0.747 0.642 0.615 0.459 0.426 0.236 0.624 0.914 0.471 0.773 0.742 0.725 0.557 0.599 0.586 0.619 0.039 0.651 0.555 0.673 0.661 0.812 0.820
S1 +M 0.634 0.683 0.742 0.678 0.680 0.523 0.409 0.241 0.585 0.915 0.481 0.784 0.637 0.697 0.615 0.679 0.649 0.667 0.123 0.558 0.648 0.769 0.665 0.786 0.823
S2 +M 0.710 0.812 0.856 0.909 0.792 0.735 0.491 0.576 0.730 0.954 0.605 0.679 0.636 0.784 0.724 0.807 0.741 0.486 0.171 0.631 0.616 0.851 0.679 0.891 0.831

Fscore

S1 + GT 0.740 0.865 0.862 0.924 0.941 0.846 0.678 0.713 0.727 0.946 0.812 0.918 0.720 0.772 0.865 0.896 0.952 0.911 0.893 0.729 0.809 0.904 0.834 0.894 0.951
Mask2Former 0.698 0.703 0.748 0.685 0.660 0.527 0.587 0.304 0.648 0.930 0.506 0.804 0.836 0.743 0.603 0.616 0.627 0.653 0.171 0.555 0.597 0.749 0.624 0.748 0.797
Deeplabv3+ 0.692 0.720 0.747 0.642 0.615 0.459 0.426 0.236 0.624 0.914 0.471 0.773 0.742 0.725 0.557 0.599 0.586 0.619 0.039 0.651 0.555 0.673 0.661 0.812 0.820
S1 +M 0.634 0.683 0.742 0.678 0.680 0.523 0.409 0.241 0.585 0.915 0.481 0.784 0.637 0.697 0.615 0.679 0.649 0.667 0.123 0.558 0.648 0.769 0.665 0.786 0.823
S2 +M 0.710 0.812 0.856 0.909 0.792 0.735 0.491 0.576 0.730 0.954 0.605 0.679 0.636 0.784 0.724 0.807 0.741 0.486 0.171 0.631 0.616 0.851 0.679 0.891 0.831

Precision

S1 + GT 0.855 0.958 0.958 0.977 0.968 0.848 0.777 0.909 0.693 0.942 0.958 0.946 0.848 0.915 0.938 0.943 0.972 0.939 0.959 0.880 0.883 0.953 0.902 0.924 0.971
Mask2Former 0.662 0.673 0.741 0.670 0.668 0.481 0.678 0.296 0.607 0.929 0.595 0.765 0.865 0.733 0.688 0.604 0.575 0.701 0.233 0.612 0.563 0.727 0.593 0.763 0.802
Deeplabv3+ 0.636 0.741 0.825 0.579 0.658 0.494 0.589 0.320 0.620 0.897 0.520 0.772 0.881 0.713 0.657 0.709 0.651 0.653 0.750 0.698 0.485 0.768 0.611 0.831 0.797
S1 +M 0.701 0.725 0.860 0.694 0.704 0.520 0.565 0.268 0.566 0.906 0.645 0.768 0.784 0.822 0.764 0.750 0.614 0.744 0.155 0.729 0.694 0.807 0.731 0.854 0.866
S2 +M 0.843 0.791 0.904 0.992 0.802 0.690 0.612 0.439 0.685 0.942 0.723 0.556 0.918 0.814 0.834 0.860 0.734 0.905 0.201 0.782 0.601 0.892 0.624 0.901 0.891

Recall

S1 + GT 0.653 0.789 0.784 0.875 0.915 0.843 0.601 0.586 0.764 0.950 0.704 0.892 0.626 0.668 0.804 0.853 0.933 0.885 0.836 0.623 0.747 0.859 0.776 0.867 0.932
Mask2Former 0.739 0.736 0.756 0.701 0.652 0.583 0.517 0.312 0.696 0.931 0.441 0.847 0.810 0.754 0.537 0.629 0.689 0.611 0.135 0.508 0.635 0.772 0.657 0.733 0.791
Deeplabv3+ 0.760 0.701 0.682 0.722 0.578 0.428 0.334 0.187 0.629 0.932 0.430 0.774 0.641 0.737 0.483 0.519 0.533 0.588 0.020 0.609 0.650 0.599 0.718 0.794 0.844
S1 +M 0.579 0.646 0.652 0.662 0.657 0.525 0.321 0.220 0.606 0.923 0.383 0.801 0.536 0.605 0.514 0.620 0.687 0.605 0.102 0.452 0.607 0.735 0.610 0.693 0.785
S2 +M 0.614 0.833 0.813 0.838 0.781 0.650 0.421 0.837 0.645 0.966 0.481 0.873 0.486 0.756 0.641 0.760 0.738 0.332 0.143 0.532 0.632 0.854 0.745 0.880 0.779

Note. “S1” – SAM (one pass), “S2” – SAM (two pass), “GT” – vote by ground truth label, “M” – vote byMask2Former predictions.

the iterative sampling proposal.

This proposed methodology advances iRAP’s safety assessment by automating the recog-

nition of road infrastructure elements, moving one step closer to reliable and objective star

rating computation. The enhanced framework, incorporating iterative sampling, demon-

strates strong performance on infrastructure-specific object classes by surpassing traditional

domain models. Moreover, masks generated by SAM offer improved interpretability, with

cleaner andmore coherent boundaries compared to the often fragmented outputs of domain

models. In SAM’s “everythingmode” applied in this chapter, human annotators can quickly

surface all visually distinct regions in an SLI without providing prompts or prior setup. This

significantly accelerates on-boarding, enabling new annotators to familiarize themselves with

the data and begin detailed annotation or measurement.
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4
Targeted sampling with multi-modal input

4.1 Introduction

TheSegmentAnythingModel (SAM)cangenerate high-qualitymaskswithoutdomainknowl-

edge, yet it still depends on external prompts—like points or boxes—to decide what and

where to segment. Rather than interpreting its outputs post-hoc as in the previous chapter,

this chapter explores SAM’s adaption to road infrastructure element segmentation task by
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embedding domain-specific knowledge into those prompts from the beginning. This repre-

sents a shift from previous strategies, which assign semantic labels to class-agnostic masks us-

ing downstream classifiers. Multi-modal input, e.g., text, is transformed into task-informed

point prompts by a second foundationmodel and guides SAM to produce semantically rele-

vant masks during inference. By injecting domain priors into the input, this approach turns

on SAM’s “anythingmode” andmaintains its generalizabilitywhile aligning its outputsmore

closely with specialized application needs.

4.1.1 Limitations of post-hoc voting

The pipeline proposed inChapter 3 relies solely on visual input, leverages SAM’s “everything

mode” to generate class-agnostic masks, which are then interpreted post-hoc. Prior knowl-

edge from domain models—trained specifically on this task and dataset—is used to assign

semantic labels to each segmentation mask, effectively acting as classifiers. While this ap-

proach achieves strong and competitive performance, it carries two implicit limitations that

motivate another path.

Thefirst limitation is pixel-level coverage. While iterative samplingdoes improvemask cov-

erage efficiently, zero-shot mask generation in “everything-mode” cannot provide any guid-

ance for it. We can only hope that resampling in each iteration will benefit infrastructure

classes or hard classes, given the imbalanced pixel coverage ratio. However, the truth is that

thing classes are easier to be discovered by SAM’smasks than stuff classes, due to their shapes,

scales, and roles in the SLI context. This could lead to imbalanced coverage ratio and imbal-

anced speed to improve that coverage ratio among infrastructure classes. Figure 4.1 presents

evidence to support this speculation. Multiple infrastructure classes suffer from poor cover-
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age by SAM’s segmentation masks generated by the first forward pass: parking, wall, guard

rail, traffic sign frame, sidewalk, among others. They all have uncovered ratio of at least 40%

and they are all stuff classes. The second forward pass of SAM as part of the iterative sam-

pling approach improves the situation and the uncovered ratio dropped. However, several

infrastructure classes still stand out: parking, guard rail, wall, and sidewalk. Improvement

of coverage ratio is not equally distributed clearly: while coverage ratio for pixels of parking

class improves by more than 20% and that for traffic sign frame improves by more than 30%,

that for guard rail and wall only improves by 10% or less.

The second limitation is the assumption that domainmodels trained on the dataset would

produce some correctly labeled pixels in the segmentation mask with good confidence and

that these confident pixels would dominate the domain voting for the mask. Figure 4.2 pro-

vides a counter-example, where two instances ofmanhole are ignored by domainmodels even

though SAMproduced accuratemasks for them: they arewrongly classifiedwith confidence.

This could lead to cases where even with improved coverage, accuracy does not improve ac-

cordingly due to domain models’ limitation.

These two limitations of iterative sampling motivates a more proactive approach that can

potentially kill two birds with one stone: adding another foundation model that enables

multi-modal input. The first benefit is more proactive sampling for targeted infrastructure

classes by focusing and tailoring prompts on classes of interest in order to boost performances

for these classes. Attention to other classes is no longer necessary. The second benefit is

reliance on domain models disappears because they are not needed anymore to vote for a

segmentation mask’s class. It becomes the user’s responsibility to pick a class to describe

well so that the multi-modal foundation model produces meaningful prompts for segmen-
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(a) S1: masks generated by one forward pass of SAM

(b) S2: masks generated by two forward passes of SAM

Figure 4.1: Ratio of pixels not covered by SAM’s masks are unevenly distributed across classes. Multiple classes belonging
to infrastructure elements suffer frompoor coverage bymasks generated by first pass of SAM (panel a): parking, wall, guard
rail, traffic sign frame, sidewalk, among others. These classes have an uncovered rate of at least 40%. The second forward
pass of SAM (panel b) as part of the iterative sampling approach proposed in Chapter 3 significantly improved the situation
and the uncovered rate dropped. However, several infrastructure classes still suffer from low pixel‐level coverage: parking,
guard rail, wall, and sidewalk. Improvement of coverage ratio is not equally distributed either: on average infrastructure
classes witnessed around 20% improvement.

tation. A third, bonus advantage is the added interactivity: giving analysts real-time control

and feedback strengthens human-computer collaboration, encourages user engagement, and
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(a) Deeplabv3+ (b)Mask2Former

Figure 4.2: Domain models fail confidently for certain infrastructure classes like manhole. Even though SAM has correctly
generated mask for twomanholes in the SLI as in Figure 3.11, domain models fail to classify any pixels in the region as class
manhole through MC runs. In this case, the both Deeplabv3+ (panel a) and Mask2Former (panel b) “confidently” predicted
the mask wrongly as road. This is a potential limiting factor for the iterative sampling pipeline proposed in Chapter 3.

ultimately accelerates adoption of the safety assessment application. For example in a future

date, the annotator could just talk to their computer and the SLI gets segmented for the set

of classes for their task. Section 4.2 will introduce in greater detail multi-modal foundation

models that can make this happen.

4.1.2 Contribution and outline

This chapter proposes a shift from interpreting SAM’s zero-shot masks post-hoc to steering

the model with domain knowledge provided as multi-modal input. It first diagnoses two

residual flaws of the post-hoc voting pipeline, i.e., poor mask coverage for stuff infrastruc-

ture classes and reliance on occasionally wrong domain-model labels, to motivate a new di-

rection. The chapter then designs a multi-modal framework: two candidate language-vision

backbones are compared, the better aligned model (Grounding DINO) is paired with SAM,

and class-specific text is converted into point and box prompts so that only pixels relevant to

chosen iRAP assets are sampled. A systematic description template refines each asset’s word-
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ing, while analytical and empirical tests show how different prompt modes affect SAM, ulti-

mately identifying a setting that surpasses baselinedomainmodels and the earlier “everything-

mode” on hard classes by improving IoU and reducing false activations. A pilot study con-

firms our proposal’s real-world transferability, and the discussion distills how this targeted

sampling pipeline enables more flexible, automated annotation for iRAP safety assessments.

The rest of this chapter is organized as follows. Section 4.2 starts by introducing two rep-

resentative text-based foundation models, then analyzes their differences to identify the one

more suitable for our task, and finishes by explaining the proposed multi-modal framework.

Section 4.3 describes strategies and results to engineer class descriptions as text inputs to the

new pipeline, then explores modes of prompts and their combinations for SAM that work

the best for our taskwithmathematical explanations to support observations, then compares

with baseline models and “everything mode” from last chapter to demonstrate the efficacy

of the new proposal, and closes with a pilot study testing our pipeline. Section 4.4 discusses

results obtained from this adaptive sampling approach, points out its implications for flexi-

ble and automated asset annotation, and shares its benefits to iRAP road safety assessment

procedure.

4.2 Methods

4.2.1 Multi-modal foundation models

Contrastive language-image pre-training (CLIP)143 andGroundingDINO116 are both foun-

dation models that marry text and visual inputs. CLIP is a powerful vision-language model

that has shown great benefits for various multi-modal tasks (see Figure 4.3). It uses a dual-

encoder architecture: one transformer encodes textwhile another encodes images, projecting
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both into a shared embedding space. Its training employs a large set of image–caption pairs

collected from the Internet andCLIP learns to alignmatching image-text pairswhile pushing

apart mismatched ones using a contrastive loss. During inference, it enables zero-shot recog-

nition by comparing an image’s embedding to those of class names or descriptions, without

the need for task-specific fine-tuning. Equation 4.1 calculates the cosine similarity between

image embeddings and text embeddings

sim(v,w) =
v · w

||v|| · ||w||
(4.1)

where v is image embedding vector, w is text embedding vector, v · w is the the dot prod-

uct between the two vectors, ∥v∥ is L2 norm of the image vector and ∥w∥ is L2 norm of the

text vector. Equation 4.2 shows CLIP’s contrastive objective function in order to maximize

similarity between semantically similar text-image pairs and tominimize dot product for dis-

similar pairs.

L = − 1
N

N∑
i=1

log
exp(sim(vi,wi)/τ)∑N
j=1 exp(sim(vi,wj)/τ)

(4.2)

where vi is image embedding vector for the ith sample, wi is text embedding vector for the

ith sample, sim(vi,wi) is cosine similarity between image and text embeddings as defined in

Equation 4.1, τ is temperature parameter (hyperparameter that scales the logits), and N is

batch size (number of image-text pairs).

Grounding DINO116 is an open-vocabulary object detection model that unifies ground-

ing and detection tasks by aligning visual features with free-form text queries. It extends the

DINO (DETR with Improved DeNoising training) framework by incorporating text en-

coders and cross-modal fusion modules to enable grounding capabilities. The model jointly
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Figure 4.3: CLIP integrates text and image encoders to enable zero‐shot image classification. During contrastive pre‐
training, the text encoder processes textual descriptions, while the image encoder transforms input images into embed‐
dings. The model learns to align these representations in a shared embedding space, where similar text‐image pairs are
closer together. For dataset classification, CLIP generates text embeddings from class labels, e.g., “a photo of a dog”, and
compares them with image embeddings for classification. During zero‐shot prediction, CLIP finds the closest matching
class label for the given image by comparing the image’s embedding with the pre‐trained class embeddings, enabling clas‐
sification without additional fine‐tuning. Source: Radford et al. 143

learns object localization and text alignment through contrastive and box regression losses,

allowing it to predict bounding boxes conditioned on natural language. Its detection loss

function (Ldet) is used at two places within its framework. During the Hungarian matching

process, this equation computes the cost matrix for bipartite matching between predicted

boxes and ground truth boxes, determining which predictions correspond to which ground

truths with typical weight values of λclass = 2.0, λbbox = 5.0, and λgiou = 2.0. After match-

ing is established, this same form serves as the final detection loss during backpropagation,

optimizing the model to produce accurate classifications and well-localized bounding boxes,

although the weights may differ slightly with λclass typically set to 1.0 for the final loss calcu-

lation.

Ldet = λclass · Lclass + λbbox · Lbbox + λgiou · Lgiou (4.3)

where Ldet is the total matching cost for bipartite matching, Lclass is classification error cost,
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Lbbox is L1 error of bounding box coordinates cost, Lgiou is generalized IoU loss cost, λclass

is weight for classification cost, λbbox is weight for bounding box coordinate cost, and λgiou

is weight for generalized IoU cost. The Contrastive Loss (Lcontrast) function operates in the

language-vision alignment components of the architecture. In the feature enhancer module,

it helps enhance image features using text features from a language encoder such as BERT,

creating a shared understanding between visual and textual representations. When used in

the cross-modality decoder, this loss bridges the gap between vision and languagemodalities,

enabling the model to perform open-set detection by connecting visual features to semantic

concepts. This capability is critical for the model to detect objects specified by text prompts

that were not explicitly trained on, allowing generalization to novel categories and referring

expressions.

Lcontrast = − log
exp(sim(fv, ft)/τ)∑
j exp(sim(fv, f

j
t)/τ)

(4.4)

where Lcontrast is the contrastive loss for region-text alignment, fv is visual feature for a region,

ft is text feature for the corresponding text, f
j
t is text features for all possible texts in the batch,

sim(fv, ft) is cosine similarity between visual and text features (similar to that used in CLIP),

and finally τ is the temperature parameter.

Fundamental differences exist between CLIP and Grounding DINO. Grounding DINO

uses more advanced text encoders and thus is able to process longer text descriptions beyond

CLIP’s 77-token limitation, allowing formore informative prompts. This enablesmore gran-

ular and compositional understanding for Grounding DINO. Grounding DINO provides

confidence scores better calibrated for practical thresholding, even though they are still rela-

tive rather than absolute, while CLIP’s is purely based on cosine similarities and do not have

any intrinsic absolute meaning outside of comparisons. They both leverage transformer ar-
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chitectures but serve distinct purposes: CLIP focuses on global image-textmatching through

contrastive learning, while Grounding DINO specializes in open-vocabulary object detec-

tionwith precise localization capabilities. As a results of these, CLIP tends to prioritize dom-

inant image features while GroundingDINO effectively processes complex scenes with good

focus on details. Grounding DINO demonstrates superior ability to distinguish between

similar objects within an image and processes more effectively attribute-object relationships

and spatial configurations. Figures 4.5, 4.6, and 4.6 present why CLIP is not a good fit for

our task due to its similarity measure. Firstly, Figure 4.5 and Figure 4.6 demonstrate CLIP’s

raw similarity map cannot be used directly due to issues identified by Li et al.112. Specifically

CLIP’s similarity map exhibits opposite visualization and noisy activations for provided in-

frastructure classes in our context. For example, the attention map downplays true pixels

that correspond to the provided classes like sidewalk and street light and chooses to highlight

other irrelevant pixels in the background. AndbecauseCLIP is pre-trained on images of fixed

resolutions like 224 pixels, this issue cannot be addressed by improving resolution. Li et al.112

proposed a variant of CLIP to overcome this issue and their model is found able to generate

heatmaps and is able to process at higher resolutions with flexibility. As resolution improves,

their variant produces better heatmaps: two coherent pieces of sidewalk in the SLI are gen-

erally covered by highlighted regions and instances of street lights are pinpointed in the SLI.

However, for classes that are not present in SLIs, the heatmap still produces highlighted pix-

els: regions between electricity cables are highlighted for class tunnel. This is due to the fact

that CLIP’s similarity measure is relative instead of absolute, meaning it must be compared

withmeasures of other classes otherwise they do not represent any physicalmeaning and can-

not be used for thresholding. One idea was to use a fixed set of classes like that defined in the
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Mapillary Vistas dataset and applying a softmax layer to transforming those relative similar-

ity measures into probability distributions. However, as Figure 4.6 presents, it still fails by

generating high similarity probabilities for classes that do not exist in corresponding SLI.

p(y = c|x) = exp(sim(fI(x), fT(c))/τ)∑
c′∈C exp(sim(fI(x), fT(c′))/τ)

(4.5)

where fI(x) is the image encoder output for input image x, fT(c) is the output of text encoder

for class label c, C is the set of all possible class labels, τ is temperature parameter, and sim(·)

is the cosine similarity function as defined in Equation 4.1.

(a) Sidewalk (b) Streetlight (c) Tunnel

Figure 4.4: CLIP 143 heatmap exhibits opposite visualization and noisy activations for provided infrastructure classes. For
example, CLIP’s class attention map downplays true pixels that correspond to the provided classes like sidewalk (panel a)
and street light (panel b) and chooses to highlight other irrelevant pixels in the background. Activations can also be noisy
like for tunnel (panel c). This observation agrees with that as reported in Li et al. 112. Note: CLIP is pre‐trained on images
of fixed resolutions; the presented heatmaps are generated for 224 px.

In summary, CLIP is not suitable for our task aiming to segment road infrastructure ele-

ments from SLIs because its similarity measure is relative and cannot be easily thresholded.

Grounding DINO is favored by more than this reason: it is an object detector and its out-

put takes the form of bounding boxes, from each of which activation for the targeted class

can be computed. This avoids the complication in CLIP-like models where activations, i.e.,

similarities, are continuous across the whole space, making it a non-trivial problem to deduce
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(a) Sidewalk (224 px) (b) Streetlight (224 px) (c) Tunnel (224 px)

(d) Sidewalk (1600 px) (e) Streetlight (1600 px) (f) Tunnel (1600 px)

Figure 4.5: CLIP Surgery 112 is able to generate reasonably good heatmap by overcoming issues as seen in Figure 4.4 and
is able to process at higher resolutions with flexibility, although this typically requires more computation. As resolution
improves, CLIP Surgery’s heatmaps become more accurate: two coherent pieces of sidewalk (compare panel a to panel d)
in the SLI are generally covered by highlighted regions and instances of street lights are pinpointed in the SLI (compare
panel b to panel e). However, for classes that are not present in SLIs, the heatmap still produces highlighted pixels: CLIP
Surgery highlighted regions between electricity cables at 1,600px resolution for tunnel (compare panel c to panel f). This
may be due to CLIP’s nature of looking for similar features rather than objects.

(a) Sidewalk (1024 px): softmax (b) Streetlight (1024 px): softmax (c) Tunnel (1024 px): softmax

Figure 4.6: Applying softmax to CLIP or CLIP Surgery’s similarity map does not effectively turn the similarity measure into
absolute values that can be used for selecting confident points via thresholding. While applying softmax function does
help with class sidewalk (panel a), it introduces slightly more false positive (FP) pixels for street light (panel b) on the poles
and significantly more FP pixels for tunnel (panel c) that are located in the sky and a building.

the number of instances for the object. Any arbitrarily set threshold risks losing or artificially

adding instances. For example, there are two instances of sidewalk in Figure 4.5(d). On the
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one hand, if threshold to apply to the activation map is set too high multiple incomplete in-

stancesmay surface; on the other hand, if the threshold is set too low, then the activated pixels

may not be cut and the map could degenerate to one connected region.

(a) Bounding box (b) Segmentation

Figure 4.7: Grounding DINO produces bounding boxes that meet the spatial and semantic alignment of image regions
with the provided text, enabling precise localization of objects or concepts described in the input. Stability and confidence
thresholds can be used to filter out less confident bounding box predictions, ensuring that only the most reliable and
stable box locations are selected based on the consistency of their alignment with the text description. For example,
Grounding DINO produces three bounding boxes for three persons in the shadow (panel a) and these bounding boxes
lead to successful segmentation (panel b). Domain segmentation models fail to segment persons at a similar quality.

4.2.2 Extract visual activations frommulti-modal models

One major motivation for extracting activation maps instead of bounding boxes per class is

due to unique characteristics of our object classes, the shapes ofwhich can be non-traditional

and thus it is not rare that different infrastructure classes share bounding boxes. For example,

fence and sidewalk at the lower left section in Figure 4.9 share exactly the same bounding box.

If this boundingbox is provided to SAM, experiments show that fence is always identified, but

not the sidewalk. Therefore, bounding box alone is insufficient for infrastructure element

recognition as it contains too much noise, unlike in other applications198,213.
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GroundingDINOoffers a concise yet information-rich stream of instance-aware evidence

that canbe repurposed as high-quality point-prompts for SAM.The last cross-modal decoder

layer is the optimal interception point: earlier tensors remain shared across competing hy-

potheses, whereas later stages, e.g., NMS, have already discarded spatial detail. The decoder,

in contrast, realigns thesemodalities into a set of evolved query embeddings zq, each ofwhich

has converged—through iterative deformable cross-attention—onto a single object–phrase

hypothesis. Every query now carries (i1) a refined bounding box, (2) a scalar objectness score,

and (3) a reference point that anchors it in the image plane

p̂q = (x̂q, ŷq) ∈ [0, 1]2 (4.6)

Interrogating the model at this juncture therefore yields spatial supports that are already

instance- and phrase-specific, a critical prerequisite for deriving interpretable prompts.

The decoder’s deformable-attention module offers those supports in an analytically con-

venient form. For each query q and for every feature pyramid level l, the decoder regressesK

learnable offsets Δpqli together with corresponding attentionweights aqli (i = 0, . . . ,K−1).

These offsets displace the reference point to yield the sampling locations

pqℓi =
(
x̂qWℓ, ŷqHℓ

)
+ Δpqℓi, (4.7)

where (Hl,Wl) denotes the spatial resolution of pyramid level l. In particular, the query’s

updated feature vector is computed solely from theK× L pixels accessed at the coordinates
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in Equation 4.7

zq =
L−1∑
ℓ=0

K−1∑
i=0

aqℓi xℓ
(
pqℓi

)
, (4.8)

with xl(·) obtained via bilinear interpolation on the level-l feature map. The raw logits are

soft-maxed across theK×L samplingpositions so that
∑

ℓ,i aqℓi = 1; wedenote these normal-

ized weights again by aqℓi for brevity. The setPq =
{
pqli

}
thus constitutes an exact, minimal

cohort of the pixels that drive the object decision; no other image locations contribute signal

to zq. By construction, this stencil is scale-adaptive, with offset norms growing with object

size and shape-aware angular dispersion reflecting object geometry.

Three steps are needed to translatePq into SAMpoint prompts. Relevance filter will keep

only those sampling points whose attention weights exceed a percentile threshold (e.g., top-

30%). This preserves locations the detector itself deems salient, eliminatingweak or noisy evi-

dence. Image-aware re-ranking then re-scores each survivingpoint using local image statistics

such as Sobel edge magnitude or Laplacian contrast, producing a composite score

sqℓi = aqℓi · fedge
(
pqℓi

)
(4.9)

Empirically, this favors boundary-adjacent samples that guide SAM toward mask outlines.

Lastly, in diversity enforcement avoids redundant prompts, we impose (1) quadrant coverage

within the predicted bounding box and (2) scale coverage across feature pyramid levels. A

greedy maximal-marginal relevance rule then selects the top k points {p̃j}kj=1 that maximize

joint saliency while remaining spatially dispersed. For example, sidewalks in SLIs almost al-

ways reside in the lower half of the box, so enforcing points from each of the four quadrants

may introduce wrong points unnecessarily.
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Several lightweight refinementsmake theworkflowfully reproducible. First, wekeepGround-

ing DINO’s public defaults of K = 4 offsets per feature-pyramid level and L = 4 levels

overall. Secondly, the offsets Δpqℓi are predicted in feature-level pixel units and are therefore

rescaled by the level’s resolution (Hℓ,Wℓ) when mapped back to the image plane. Thirdly,

the relevance filter retains only those sampling pointswhose attentionweights exceed the 70th

percentile of {aqℓi}; with the defaultK andL this leaves approximately ten candidates per ob-

ject. Fourthly, the image cue is the Sobel gradient magnitude fedge(p), min–max normalised

to the range [0, 1]within the predicted bounding box so that scores remain comparable across

images. Finally, the greedy maximal-marginal relevance selector outputs k ∈ [3, 5] prompts;

empirically k = 4 improves mIoU by∼ 1.2% over k = 3 while adding only one additional

click point.

The resulting {p̃j} is typically of cardinality k ∈ [3, 5], rendering it compact enough for

interactive inspection yet rich enough to initialize SAMwith high fidelity. Importantly, these

prompts preserve the text-conditioned, multi-scale attention patterns of Grounding DINO,

thereby transferring semantic focus to SAMwithout dilutingmask-level precision. These or-

ganize into Algorithm 1, which leverages Grounding DINO’s deformable-attention geome-

try to distill an object-specific, interpretable set of activation points. By coupling these points

with SAM’s segmentation functions, we obtain masks that inherit both the detector’s open-

vocabulary semantics and the segmenter’s sharp delineation, providing an end-to-end bridge

from phrase grounding to high-quality instance masks suitable for traffic safety assessments

and related infrastructure applications.

Whenwe feed p̃j to SAM, the segmenter inherits twocomplementary strengths: (1) seman-

tic focus, by the prompts lying exactly on pixels the detector deemed relevant to the phrase,
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Algorithm 1:Optimal SAM Points Selection
Input: normalized attention weights w, point sets {Pℓ}L−1

ℓ=0, bounding box (x0, y0, x1, y1), image I, desired number of points k
Output: set S of k selected points

1 Function SelectSAMPoints():
2 (h,w)← shape(I);
3 R← I[y0 : y1, x0 : x1];
4 if R = ∅ then return∅;
5 convertR to grayscale and compute Sobel edge map E;
6 normalize E to [0, 1];
7 (cx, cy)←

( x0+x1
2 ,

y0+y1
2

)
; // box center

8 initialize empty listL;
9 for ℓ← 0 to L− 1 do
10 wℓ ← level weight;
11 foreach p = (x, y) ∈ Pℓ do
12 if x /∈ [0,w) or y /∈ [0, h) or dist(p, box) > thresh then
13 continue

14 e←
{
E[y, x], p ∈ R
0, otherwise

;

15 region(p)← quadrant of (x, y)w.r.t. (cx, cy);
16 s← w(x, y) e wℓ;
17 append (p, s, region(p), ℓ) toL;

18 sortL by score s descending;
19 initialize S ← ∅,R← ∅, Λ← ∅;
20 foreach (p, s, r, ℓ) ∈ L do
21 if r /∈ R then
22 add p to S ; add r toR; add ℓ to Λ;
23 if |S| = k then return;

24 foreach (p, s, r, ℓ) ∈ L do
25 if ℓ /∈ Λ then
26 add p to S ; add ℓ to Λ;
27 if |S| = k then return;

28 foreach (p, s, r, ℓ) ∈ Lwhile |S| < k do
29 if p /∈ S then
30 add p to S ;

so SAM starts from the correct region even in cluttered scenes; (2) geometric precision, by

edge-aware re-ranking and cross-scale diversity ensuring that the few selected points flank

prominent boundaries at multiple resolutions, allowing SAM’s mask refinement to “snap”

to object borders. Across a range of experiments we find that three to five prompts suffice to

match or exceed themask quality of farmore complex prompting heuristics, while remaining

small enough for visual inspection or downstream auditing. The resulting pipeline therefore
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bridges phrase grounding and open-set segmentation in amanner that is both principled (the

math tells us exactlywhere the evidence comes from) and practical (noheavyhyper-parameter

tuning is required). In the context of traffic safety assessments, for example, these masks al-

low analysts to recover curb edges, guard rails, and pedestrian crossings with little manual

intervention, accelerating large-scale iRAP Star Ratings workflows.

4.2.3 Integrate SAMwith multi-modal foundation model

Putting all components together, Figure 4.8 renders the full, class-targeted segmentation

workflow. A concise yet informative description of the infrastructure class of interest, e.g.

“Sidewalk – pedestrian path adjacent to roads; elevated concrete/brick surface, usually lighter

than the carriageway”, is engineered upstream. This phrase functions as an open-vocabulary

referring expression that constrains subsequentdetection toonly those regionsplausiblymatch-

ing the class semantics. TheSLI and the formatteddescription are jointly ingestedbyGround-

ingDINO. Its cross-modal decoderproduces twocomplementaryoutputs: (1) a set of bound-

ing boxes after NMSwith objectness scores, and (2) multi-scale deformable-attention offsets

that identify a handful of high-saliency sampling points per decoder layer. After normalizing

and thresholding the attention weights, the top-K points defining the most discriminative

pixels for each box are retained and re-projected to absolute image coordinates. The atten-

tion peaks are converted to point prompts (x, y, label), with the label set to “foreground”.

We experimented with three prompt configurations: box only, point only, and box + point.

Counter-intuitively, supplying both simultaneously degrades class precision—the coarse box

overrides the finer point cues, causing SAMtoflood-fill the entire rectangle and largely ignore

the prompted points. Quantitatively and qualitatively, the point-only variant yields the tight-
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est, class-consistent masks, so the final pipeline drops the bounding-box prompt and retains

only the attention-derived points when targeting individual infrastructure elements. In sum-

mary, Figure 4.8 exemplifies how language-conditioned detection (Grounding DINO) and

prompt-driven segmentation (SAM) can be coupled: from text to boxes, from attention fo-

cus points to point prompts and to class-specific masks. The study further reveals that, for

SAM, point seeds convey richer geometry than simultaneous box plus point prompts, and

should therefore be preferred when high-fidelity infrastructure segmentation is required.

Figure 4.8: Multi‐modal input facilitates targeted prompting and efficient segmentation for infrastructure classes in SLIs.
The proposed pipeline starts with class description properly formatted by length, i.e., number of tokens, and by focus on
visual hints of the objects. Grounding DINO ingests this text input with the SLI and produces bounding boxes aligned
with parts of the description, possibly single or multiple words. Sampling points of the deformable attention mechanism
is extracted from decoder layers of the model and selects the most representative points. SAM uses these selected points
as well as the bounding boxes to produce segmentation masks for the target class in SLI.
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4.3 Results

4.3.1 Engineered descriptions

Class descriptions must be carefully designed and formatted for three reasons. First, provid-

ing detailed and context-rich descriptions increases the likelihood that foundation models

find correct associations. Class names using domain-specific terminologies may not be di-

rectly recognizable by general-purpose models. For example, pole and utility pole appear as

separate classes in theMapillary Vistas dataset, and without class-specific descriptions, foun-

dationmodelsmay conflate themdue to the shared term pole in their names. Second, descrip-

tions from different sources depict the object class from different angles and thus may not

be consistent. Somemay contain toomany nouns mentioning other concepts in the dataset,

e.g., “traffic light is signal device controlling car and pedestrian flow and is typically installed

at intersections on poles with street lights”; some others may be providing insufficient vi-

sual clues, e.g., “fire hydrant is water outlet typically used by fire-fighters”; yet some others

are not designed for this purpose in the first place, e.g., class descriptions in Mapillary Vistas

paper131 contain many annotation instructions prepared for human annotators like “curb:

raised (>3cm) formation typically between road and sidewalk or terrain; includes the brick’s

horizontal and vertical surface; if there is no clear border between sidewalk/terrain and curb,

only the vertical surface is labeled”. Lastly, certain foundation models are pre-trained with

inflexible settings and thus require lengths of description be kept under number of token

requirements, e.g., CLIP’s hard rule is 77 tokens.

A good template prioritizes visual clues such as color, shape, placement in SLI, and mate-

rials, downplays real-world usage, and removes unnecessary texts to keep lengths within re-
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quirement: [key visual attributes] + [position info] + [distinctive features]. Re-

sults of formatting all classes in Mapillary Vistas are presented in Table 4.1.

Table 4.1: Class names and descriptions before/after formatting.

Class Mapillary Vistas Proposed according to template

Curb Raised (>3cm) formation typically between road and sidewalk or

terrain. Includes the brick’s horizontal and vertical surface. If there is

no clear border between sidewalk/terrain and curb, only the vertical

surface is labeled

Elevated boundary (>3cm) between road and sidewalk. Concrete/s-

tone ridge with vertical face and flat top. Gray, forming continuous

line along streets. Creates visible shadow line.

Fence Freestanding structure with holes that separate two (or more)

outdoor areas, sometimes temporary ones

Freestanding structure with gaps/holes separating outdoor areas.

Various materials (chain-link, wood, metal). Typically linear with

regular pattern.

Guard Rail Metal structure mounted on the side of the road to prevent serious

accidents. Includes the bars holding the rails

Metal protective structure along roadside. Horizontal silver/gray

rails with vertical supports. Often curved or W-shaped profile.

Barrier Fallback category for other forms of barriers, e.g. lane separator,

jersey barrier

Temporary or permanent divider between areas. Includes concrete

jersey barriers, plastic dividers, bollards. Often brightly colored or

reflective.

Wall Individually standing walls that separate two (or more) outdoor ar-

eas, and do not provide support for a building. Includes transparent

walls

Freestanding vertical structure separating outdoor areas. Solid

surface without openings. Brick, concrete, or stone. Not supporting

buildings.

Bike Lane Paved areas intended for bicycle use only. Does not include regions

meant to be used by both cyclists and pedestrians. Regions of road

intended for mixed cycle and car use are labeled as road. Contains

only regions of ground specifically designated for cyclists where

pedestrians and cars should not enter, e.g. separated by curb or lane

markings (dashed or driveable)

Designated path for bicycles. Often colored green/red or marked

with bicycle symbols. Separated by painted lines or physical barriers

from vehicular lanes.

Crosswalk - Plain Region of a road which is meant to cross the street but not marked

with a zebra pattern, instead two parallel lines indicate the crosswalk.

The road surface is marked as plain crosswalk, the two lines

indicating the border are marked as general markings

Road crossing area marked by two parallel lines without zebra

pattern. Connects sidewalks across streets for pedestrian crossing.

Curb Cut Lowered curbs (≈3cm) or curb cuts (<3cm) which can be driven

over, e.g. by wheelchairs

Lowered section (<3cm) of curb forming ramp. Creates smooth

transition between road and sidewalk. Often at intersections and

driveways.

Parking surfaces that are intended for parking and separated from the road

either via elevation or different texture/material or lane markings.

Only the area which is available for parking has to be annotated. Flat

areas used to get on a specific parking slot need to be labeled as road

Designated vehicle storage area. Separated from road by lines, texture

differences or elevation. Often marked with P signs or painted

boundaries.

Pedestrian Area Areas solely to be used by pedestrians. E.g. in inner city areas or

parks, shopping zones, etc

Paved zones exclusively for walking. Often brick/tile surfaces in

plazas, malls, parks. No vehicle access. May have benches, planters.

Rail Track Horizontal surface on which rail cars typically drive. If rail-tracks are

embedded in a conventional road block, the rail track is drawn on

top of a road label

Linear metal rails for trains/trams. Parallel metal strips embedded in

or raised above ground. Often with wooden/concrete ties between

rails.

Road Surface on which cars usually drive on. Typically delimited by curbs,

parking areas or bicycle lanes

Paved surface for vehicles. Asphalt/concrete, typically dark gray with

lane markings. Bordered by curbs, sidewalks or shoulders.
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Table 4.1 – continued

Class Mapillary Vistas Proposed according to template

Service Lane Road shoulders, typically on highways, which offer enough space for

a car to drive and stop in emergency cases. Usually on the right side

of drivable lanes (viewed in driving direction, in case of right-hand

traffic), but can also be on the left side

Auxiliary roadway alongside main highway. Narrower than main

lanes, often separated by markings. For emergency stopping or

service vehicles.

Sidewalk Horizontal surface designated for pedestrians or cyclists. Delimited

from the road by some obstacles, e.g. curbs (raised or lowered) or

poles, but not only by marking. Often elevated compared to the road

and often located at the side of a road. Also includes walkable parts

of traffic islands, but not pedestrian areas

Pedestrian path adjacent to roads. Elevated surface, typically

concrete/brick/paver stones. Often lighter color than road surface.

Bridge Bridges (on which the ego-vehicle is not driving) including

everything (fences, guard rails) permanently attached to them

Elevated structure spanning gap/waterway. Visible supports/railings.

Includes attached elements like fences and guard rails.

Building Includes structures that house/shelter humans, e.g. low-rises,

skyscrapers, bus stops, carports. Translucent buildings made of glass

still receive the label building. Also includes scaffolding attached to

buildings

Permanent structure with walls/roof. Various sizes from sheds to

skyscrapers. Includes glass structures, bus shelters, and attached

scaffolding.

Tunnel Tunnel walls and the dark space encased by the tunnel, but excluding

vehicles

Enclosed passage through obstacle. Dark interior with walls/ceiling.

Artificial lighting and ventilation systems visible.

Lane Marking - Crosswalk Crosswalk indicated by a zebra pattern Road marking with alternating white stripes (zebra pattern).

Perpendicular to traffic flow, connecting sidewalks.

Lane Marking - General Other lane markings including dashed and solid lane separation

markings, stop lines, text, arrows or restricted areas

Painted road symbols including lines, arrows, text, stop lines. White

or yellow, painted directly on road surface.

Catch Basin Sewage water drainage, typically with a grid on top or inlet of a curb Street drainage opening. Metal grate or curb inlet. Rectangular or

round shape embedded in road/sidewalk.

Fire Hydrant Water outlet typically used by fire-fighters Water connection for firefighting. Compact metal fixture on

sidewalks. Typically red/yellow, mushroom or pillar shaped with

caps/outlets.

Junction Box An electrical junction box can contain junctions of electric wires

and/or cables

Utility cabinet housing electrical connections. Metal/plastic box

mounted on ground or pole. Often gray/green with access panel.

Manhole Opening in road to access canal system. Has to be big enough to fit a

person and includes squared ones

Access cover to underground utilities. Round/square metal plate

with patterns set into road/sidewalk. Often has text/municipal

emblems.

Pothole A depression or hollow in a road caused by wear or subsidence Road surface depression/damage. Irregular dark hole in pavement.

Often filled with water after rain. Exposes underlying road layers.

Street Light Lights mounted on poles to illuminate the road or public places Tall pole with mounted illumination fixture. Extends above

roads/sidewalks. Light housing at top, sometimes with multiple

heads/arms.

Pole Thin and elongated, typically vertically oriented poles, e.g. sign or

traffic light poles. Does not include objects mounted on the pole.

Poles holding only street lights should also be labeled as pole

Slender vertical support structure. Metal/wood, cylindrical/rectan-

gular. Used for signs, lights, without mounted objects.

Traffic Sign Frame Frame construction holding large signs, where frame can be made of

round or square poles. Can be typically found on highways

Large metal structure supporting road signs. Multiple poles

supporting wide sign panels. Common on highways/intersections.

Utility Pole Utility poles are supposed to carry electrical wires/cables, could be

used to mount mobile phone network receivers, and are used in case

both, cables and street lights are mounted

Tall wooden/concrete pole carrying wires. Has electrical cables,

transformers, sometimes with street lights or communication

equipment.
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Table 4.1 – continued

Class Mapillary Vistas Proposed according to template

Traffic Light Traffic lights without poles in different orientations (upright,

horizontal, side, back, front) and for all types of traffic participants,

e.g. regular traffic light, bus traffic light, train traffic light. If the type

can be determined but does not match any of the defined categories

(e.g. traffic lights for trains), then traffic light - other is used. If the

orientation or type of traffic light cannot be determined, traffic light

- ambiguous is used

Red/yellow/green lights in housing. Various orientations, without

support pole.

Traffic Sign (Back) Back side of traffic signs Signal device controlling traffic flow. Rear side of road sign.

Plain metal surface, usually gray/galvanized. Visible mounting

brackets/supports.

Traffic Sign (Front) Signs with the purpose of conveying information to drivers/cyclist-

s/pedestrians, e.g. traffic signs or warning reflector posts. If the type

of a frontviewed traffic sign cannot be determined, e.g. because of

unknown language, traffic sign - unknown is used as fallback

Information display for road users. Distinctive shapes/colors (red

octagons, yellow diamonds, etc). Contains symbols/text.

Trash Can Recycling facility for waste collection waste receptacle in public areas. Cylindrical/rectangular container

with opening/lid. Various colors, often secured to ground/poles.

Visual evidence inFigure 4.9, Figure 4.10, andFigure 4.11 confirms that the text-engineering

step, i.e., rewriting class labels into compact but semantically rich phrases, has a first-order ef-

fect on the whole pipeline from Grounding DINO to point prompts and to SAM targeted

sampling. Across all three classes, the proposed descriptions consistently induce fewer but

better-localized bounding boxes, denser cross-attention sampling on the object interior, and

cleaner SAMmasks that respect fineobject boundaries. In contrast, promptingwith theplain

class name or with the Mapillary Vistas glossary either fails to retrieve small objects such as

manhole or triggers large, off-target boxes that dominate the decoder’s attention such as for

sidewalk and guard rail, ultimately starving SAM of useful point evidence. Using only the

label “sidewalk” Grounding DINO fires a single, thin box at the lower right corner, missing

the wider concrete strip on the left. TheMapillary Vistas description of sidewalk introduces

the highly salient token “road”, causing themodel to output a blanket box that spans the car-
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riageway; the associated SAM mask consequently covers the entire pavement. Our format-

ted prompt “concrete pedestrian walkway parallel to the curb” suppresses competing road

cues, yields two tight boxes that cover both pieces of sidewalk, and sends a well-distributed

set of level-0/1/2 sampling points to SAM. The resulting mask tracks the curb line almost

perfectly without leaking onto the asphalt. Manholes are small, low-contrast, and often oc-

cluded. With the raw token “manhole”, the detector returns only one of the two covers in the

scene. Embeddingmaterial and shape cues “circular cast-iron sewer cover” doubles the recall:

Grounding DINO now isolates both discs despite strong surrounding edge clutter, and the

interior-biased attention points lead SAM to segment the metallic lids while ignoring adja-

cent road markings. The definition provided in Mapillary Vistas, again containing the word

“road”, introduces an additional, spurious box that envelopes the entire lane and degrades

themask IoU by flooding SAMwith irrelevant background pixels. Contrasting sidewalk and

manhole, guard rails pose yet another challenge: they are long, thin, and specular, indicating

they can be easy to detect at low resolution but hard to segment precisely. Although the plain

label already returns two approximate boxes, the cross-attention points concentrate near the

road centerline; SAM therefore mis-fires, producing an under-segmented mask. The Map-

illary sentence generates yet another oversized road box and completely derails the pipeline.

By contrast, the refined expression “metal safety barrier with parallel horizontal beams” steers

attention onto the rail itself: bounding boxes hug the full rail length, level-2 points sprinkle

the entire span, and SAM outputs a contiguous mask with only minor bleeding into adja-

cent vegetation. These case studies demonstrate that prompt wording is a controllable, high-

leverage knob for open-vocabulary detectors: carefully crafted descriptions eliminate lexical

ambiguity, align textual tokens with the visual granularity of the target object, and thereby
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maximize the quality of both the detector’s bounding hypotheses and the downstream SAM

mask quality. Quantitative gains are thus underpinned by clear qualitative improvements:

better instance recall for small objects, tighter spatial precision for elongated structures, and

a dramatic reduction of false positives stemming from scene-dominant but irrelevant context

such as the road surface.

4.3.2 Mode of prompt

Figure 4.12 shows point prompts alone can produce segmentation masks of good quality,

and adding box prompts risks overriding the visual cues that point prompts contain. Given

box prompts alone are not sufficient to distinguish infrastructure elements, point prompts is

the source we need for recognizing road infrastructure elements in SLIs via adaptive and tar-

geted sampling. SAM digests every prompt—points, boxes, or masks—through the prompt

encoder and then fuses the resulting tokens with the pre-computed image embedding in

the mask decoder transformer. The crucial detail is that box prompts are treated as a very

strong spatial prior. First, SAM supplements the usual four box-corner tokens with a dense

positional kernel that is added to every pixel inside the box before decoding; this shifts the

transformer’s attention toward whatever lies in the boxed region. Second, after decoding,

SAM hard-gates the logits so that any activation falling outside the box is forced to zero. To-

gether, these mechanisms give the box a spatial prior that is magnitude-level stronger than

the sparse point tokens, effectively overriding contradictory point evidence. In the context

of Figure 4.12, the imbalance manifests as follows: when only points are supplied, the model

respects the fine-grained cues and returns a clean mask. Adding an imprecise bounding box

crops the image embedding, injects the dense kernel, and finally suppresses out-of-box log-
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its, so the decoder converges on the coarser and in this case incorrect region. The resulting

mask reflects the box’s geometry rather than the semantic hints encoded by the point set, even

when those points carry high confidence.

Table 4.2: Distinctions between point‐prompt and box‐prompt processing pathways in SAM.

property point-prompt path box-prompt path

Token strength 1 token / point, no dense
prior

4 tokens + a dense “box kernel” that is added at every pixel
inside the box

ROI cropping None (full 1024×1024 em-
bedding)

the image embedding iswindow-cropped to the box+16-
px margin; pixels outside are never seen by the decoder

Final mask gating No hard gating logits outside the box are zeroed before the final sigmoid

Table 4.2 presents the architectural biases that make SAM place disproportionate trust in

box prompts. During inference the model adds a dense box kernelK to every pixel inside the

proposed region and applies a hard spatial gate that nullifies allmask logits outside that region,

both before the point–derived tokens have a chance to steer cross–attention in the decoder.

Consequently, even a mildly mis-aligned box or one that encloses ambiguous textures will

dictate the final segmentation, over-ruling a large set of high-confidence point cues. From a

high level, the prompt encoder outputs a sparse token set S containing one vector per point

and four vectors for the box corners, and a dense positional kernel K injected at every pixel

that satisfies (x, y) ∈ box. The decoder therefore attends to F̃ = F + K, where F is the

frozen image embedding,while receiving the composite token sequenceZ0. Because∥K∥2 ≫

∥Si∥2 for any point token Si, and because logits outside the box are clamped to −∞, the

box prior dominates; points can refine the mask only within the boxed window, but cannot

override an erroneous box altogether. These two mechanisms, i.e., dense biasing and post-

decoder gating, explainwhy an imprecise box overrides otherwise informative point prompts,

as observed in Fig. 4.12.
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4.3.3 Comparisonwith “everything mode”

Table 4.3demonstrates thebenefit ofproposedparadigmshift frompost-hoc votingonSAM’s

segmentation masks to the novel proactive sampling strategy targeted at specific infrastruc-

ture classes. This advancement yields consistent performance improvements across all major

metrics, with particularly notable gains in mIoU (+1.1%) and mDice (+0.4%) compared to S2

+M. Unlike previous evaluations, we deliberately focused on infrastructure-relevant classes

rather than the entire Mapillary Vistas taxonomy, because with the new proactive pipeline

there is no need to go through their segmentation any more.

The class-wise breakdown in Table 4.4 further reveals improvements across different in-

frastructure elements. Substantial performance gains are observed on: fence, barrier, wall,

sidewalk, lane marking - crosswalk, fire hydrant, manhole, pothole, street light, traffic light,

and traffic sign front. Among these, three classes exhibited exceptional improvement: side-

walk (+14.9% in Dice), manhole (+32.9% in Dice), and sign front (+8.4% in Dice). These

solid improvements suggest these classes previously suffered from misguided confidence in

domain voting approaches, where conventional models erroneously enforced semantic co-

herence at the expense of boundary precision. The proposed method shows compelling re-

sults for historically challenging infrastructure elements. For instance, manholes, small but

critical components of urban infrastructure, were either entirely missed or poorly segmented

by previous approaches. The multi-modal targeted model not only detects these elements

but also does so with high performance, demonstrating the value of targeted sampling in

practical infrastructure mapping applications. Crosswalk-related classes benefited in a dif-

ferent way. Previously they are hard to segment due to two distinct challenges. For Cross-

walk - Plain, which marks crosswalk region by parallel lines without zebra patterns, SAM
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frequently merges these markings with the broader road surface when generating masks. For

LaneMarking - Crosswalk that has zebra patterns, each individual stripe is typically captured

by separate sampling points in previous grid-based approaches, failing to connect these ele-

ments into cohesive crosswalk entities. The new approach seems to address this issue with

the bounding box that Grounding DINO produces and our strategy to select representative

points to prompt SAM, as in Algorithm 1. These point prompts from big bounding boxes

must have encouraged cohesive masks that bridged gaps individual point prompts fail to ad-

dress. Our targeted approach successfully addresses both threads, suggesting that intelligent

sampling strategies can overcome limitations in foundation model segmentation.

The overall results show that proactive and targeted sampling provides an good angle for

infrastructure segmentation than reactive voting schemes applied to class-agnostic founda-

tion model outputs. This approach not only improves aggregate metrics but demonstrates

particular efficacy for someof themost challenging and safety-critical infrastructure elements.

Table 4.3: Overall metrics comparing multi‐modal targeted sampling (proposed) vs. S2
+ M (Chatper 3) vs. baseline domain models on all pixels and selected infrastructure
classes.

Metric Mask2Former
(baseline)

Deeplabv3+
(baseline)

S2 +M
(Chatper 3)

Multi-modal targeted
(Proposed)

aAcc_select 0.852 0.834 0.847 0.892
mIoU_select 0.494 0.466 0.507 0.518
mDice_select 0.645 0.614 0.658 0.662
mPrecision_select 0.649 0.674 0.694 0.698
mRecall_select 0.647 0.596 0.626 0.629
mFscore_select 0.645 0.614 0.658 0.662

Note.“S2” – SAM (two pass), “M” – vote byMask2Former predictions.

127



Table 4.4: Class‐wise metrics comparing multi‐modal targeted sampling (proposed) vs. S2 +M vs. baseline domain models
on all pixels.
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Mask2Former 0.537 0.542 0.598 0.521 0.492 0.358 0.415 0.179 0.480 0.869 0.339 0.672 0.719 0.591 0.432 0.445 0.457 0.485 0.093 0.384 0.425 0.599 0.453 0.597 0.662
Deeplabv3+ 0.530 0.563 0.596 0.473 0.444 0.298 0.271 0.134 0.454 0.842 0.308 0.630 0.590 0.569 0.386 0.428 0.415 0.448 0.020 0.482 0.385 0.507 0.493 0.683 0.694
S2 +M 0.551 0.683 0.748 0.833 0.655 0.420 0.325 0.404 0.415 0.912 0.421 0.514 0.466 0.645 0.567 0.676 0.587 0.321 0.403 0.463 0.445 0.742 0.514 0.803 0.711
Multi-modal targeted 0.695 0.775 0.742 0.865 0.731 0.231 0.293 0.472 0.525 0.918 0.565 0.683 0.625 0.631 0.267 0.712 0.685 0.685 0.423 0.435 0.452 0.825 0.518 0.865 0.748

Acc

Mask2Former 0.739 0.736 0.756 0.701 0.652 0.583 0.517 0.312 0.696 0.931 0.441 0.847 0.810 0.754 0.537 0.629 0.689 0.611 0.135 0.508 0.635 0.772 0.657 0.733 0.791
Deeplabv3+ 0.760 0.701 0.682 0.722 0.578 0.428 0.334 0.187 0.629 0.932 0.430 0.774 0.641 0.737 0.483 0.519 0.533 0.588 0.020 0.609 0.650 0.599 0.718 0.794 0.844
S2 +M 0.614 0.833 0.813 0.838 0.781 0.690 0.421 0.837 0.685 0.966 0.481 0.873 0.486 0.756 0.641 0.760 0.738 0.332 0.143 0.532 0.632 0.854 0.745 0.880 0.779
Multi-modal targeted 0.835 0.875 0.895 0.875 0.845 0.525 0.487 0.455 0.715 0.954 0.685 0.842 0.758 0.803 0.715 0.990 0.815 0.765 0.412 0.756 0.595 0.895 0.619 0.962 0.915

Dice

Mask2Former 0.698 0.703 0.748 0.685 0.660 0.527 0.587 0.304 0.648 0.930 0.506 0.804 0.836 0.743 0.603 0.616 0.627 0.653 0.171 0.555 0.597 0.749 0.624 0.748 0.797
Deeplabv3+ 0.692 0.720 0.747 0.642 0.615 0.459 0.426 0.236 0.624 0.914 0.471 0.773 0.742 0.725 0.557 0.599 0.586 0.619 0.039 0.651 0.555 0.673 0.661 0.812 0.820
S2 +M 0.710 0.812 0.856 0.909 0.792 0.735 0.491 0.576 0.730 0.954 0.605 0.679 0.636 0.784 0.724 0.807 0.741 0.486 0.171 0.631 0.616 0.851 0.679 0.891 0.831
Multi-modal targeted 0.752 0.845 0.872 0.912 0.835 0.375 0.512 0.593 0.685 0.953 0.723 0.828 0.765 0.776 0.583 0.845 0.812 0.815 0.456 0.645 0.618 0.902 0.675 0.952 0.915

Fscore

Mask2Former 0.698 0.703 0.748 0.685 0.660 0.527 0.587 0.304 0.648 0.930 0.506 0.804 0.836 0.743 0.603 0.616 0.627 0.653 0.171 0.555 0.597 0.749 0.624 0.748 0.797
Deeplabv3+ 0.692 0.720 0.747 0.642 0.615 0.459 0.426 0.236 0.624 0.914 0.471 0.773 0.742 0.725 0.557 0.599 0.586 0.619 0.039 0.651 0.555 0.673 0.661 0.812 0.820
S2 +M 0.710 0.812 0.856 0.909 0.792 0.735 0.491 0.576 0.730 0.954 0.605 0.679 0.636 0.784 0.724 0.807 0.741 0.486 0.171 0.631 0.616 0.851 0.679 0.891 0.831
Multi-modal targeted 0.752 0.845 0.872 0.912 0.835 0.375 0.512 0.593 0.685 0.953 0.723 0.828 0.765 0.776 0.583 0.845 0.812 0.815 0.456 0.645 0.618 0.902 0.675 0.952 0.915

Precision

Mask2Former 0.662 0.673 0.741 0.670 0.668 0.481 0.678 0.296 0.607 0.929 0.595 0.765 0.865 0.733 0.688 0.604 0.575 0.701 0.233 0.612 0.563 0.727 0.593 0.763 0.802
Deeplabv3+ 0.636 0.741 0.825 0.579 0.658 0.494 0.589 0.320 0.620 0.897 0.520 0.772 0.881 0.713 0.657 0.709 0.651 0.653 0.750 0.698 0.485 0.768 0.611 0.831 0.797
S2 +M 0.843 0.791 0.904 0.992 0.802 0.690 0.612 0.439 0.685 0.942 0.723 0.556 0.918 0.814 0.834 0.860 0.734 0.905 0.201 0.782 0.601 0.892 0.624 0.901 0.891
Multi-modal targeted 0.615 0.873 0.815 0.925 0.865 0.245 0.523 0.845 0.658 0.965 0.745 0.891 0.825 0.752 0.485 0.790 0.798 0.742 0.293 0.527 0.635 0.918 0.742 0.923 0.843

Recall

Mask2Former 0.739 0.736 0.756 0.701 0.652 0.583 0.517 0.312 0.696 0.931 0.441 0.847 0.810 0.754 0.537 0.629 0.689 0.611 0.135 0.508 0.635 0.772 0.657 0.733 0.791
Deeplabv3+ 0.760 0.701 0.682 0.722 0.578 0.428 0.334 0.187 0.629 0.932 0.430 0.774 0.641 0.737 0.483 0.519 0.533 0.588 0.020 0.609 0.650 0.599 0.718 0.794 0.844
S2 +M 0.614 0.833 0.813 0.838 0.781 0.650 0.421 0.837 0.645 0.966 0.481 0.873 0.486 0.756 0.641 0.760 0.738 0.332 0.143 0.532 0.632 0.854 0.745 0.880 0.779
Multi-modal targeted 0.705 0.872 0.852 0.875 0.850 0.375 0.442 0.593 0.715 0.953 0.685 0.815 0.758 0.776 0.427 0.878 0.815 0.765 0.342 0.622 0.613 0.895 0.675 0.941 0.872

Note. “S2” – SAM (two pass), “M” – vote byMask2Former predictions.

4.3.4 Real-world challenge dataset

Recent Vulnerable Road User (VRU) safety assessment for Oregon Department of Trans-

portation (ODOT) highlighted a critical data gap: overhead street lighting, a key predictor

of night-time crash risk, is only inventoried on state highways in Region 1 (Portland and sub-

urbs) of its jurisdictionwhile the remaining network has no structured lighting data. Because

the existing risk-predictionmodels treat lighting presence as a binary covariate, the absence of

comprehensive coverage forces safety analysis to omit the variable altogether on most corri-

dors or assume lighting homogeneity, both of which hinder desired risk-based analysis using

roadway inventory as a factor for state highways and non-state roadways at the agency. Given

the availability of (1) ODOT’s archive of forward-facing Digital Video Log imagery at 0.01-

mile spacing that are collected every year and (2) public SLIs platforms offered by third-party
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vendors that can be used to fill in residual gaps like ramps and access roads, automated recog-

nition of related infrastructure element is more cost-effective than manual annotation prac-

ticed by iRAP’s current procedures. Therefore the business question of this pilot study is to

identify street light luminaries fromSLIs available in official archive and third-partymap ven-

dors. Each identified street light should also be associated with the closest SLI to indicate the

locations of these luminaries. Technically, the study asks whether our text-prompted foun-

dation model pipeline that leverages Grounding DINO for phrase-guided object proposals

followed by SAM for precisemask generation can identify luminaires acrossOregon’s diverse

roadway contexts without re-training.

When planning large-scale collection of SLIs, two complementary acquisition strategies

are considered. The first relies on an agency’s own data archive, which typically cover main

carriagewaysof thehighwaynetwork. Agencies such asODOTroutinely capture “full-forward”

frames along every milepost; these front views provide survey-grade quality at no additional

cost and, crucially, remain consistent across jurisdictions. By contrast, side or panoramic

views differ in field-of-view and angle, so using the common forward view avoids geomet-

ric distortion and simplifies downstream computer vision processing (see Fig. 4.14). If an

in-house digital data archive is unavailable or if supplemental coverage is required, the sec-

ond strategy calls commercial SLI sources through their APIs. Latitudes and longitudes of

mileposts from high-resolution roadway network shapefiles (ideally sampled every 0.01mile,

approximatelysampled 16m or even finer) can provide the location parameter for SLI query,

as well as the driving direction at each point that can be inferred from its immediate upstream

and downstream points or from the polyline. For every point the script issues a request to

the third-party vendor’s API, passing common parameters like latitude, longitude, heading,
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field of view, pitch, and image resolution; the nearest panorama is downloaded automati-

cally, after which optional quality checks can be applied, e.g., verifying that the returned im-

age is geographically proximate to the requested coordinate). High-resolution road network

shapefiles must be projected inWGS-84 coordinates (EPSG 4326) so that latitude/longitude

values feed directly into the request URL and vendor’s technical limits should be noted. For

example, some vendors cap a single image at 640 × 640 pixels, in addition to the restriction

of the field of view parameter to 120°, and limited daily call quotas. Lastly, consistent camera

pitch (≈ 0◦) andheading aligned to the driving direction tominimize horizon tilt. These two

sources of SLI data complement each other. Agency data provides authoritative information

on infrastructure they manage, including detailed engineering specifications, maintenance

records, and trafficmanagement systems. Meanwhile, third-party vendors collect data across

the entire transportation network, including local roads, urban streets, and rural connections

that extend beyond agency jurisdiction. The temporal strengths of each source are comple-

mentary as well. Agencies often have historical archives with consistent measurements at

specific locations, while vendors offer real-time, continuous data collection across broader

geographic areas, filling in temporal gaps that may exist in periodic agency measurements.

Cross-jurisdictional integration is another area of complementarity, as agency data provides

depth within specific administrative boundaries while vendor data offers breadth across ju-

risdictional lines, enabling seamless regional analysis. This pilot study leverages both sources

and benefits from the comprehensive coverage of the highway network.

Given the business context of ODOT’s needs and the lack of pixel-level segmentation la-

bels, results aremeasured per SLI as a classification problem: whether presence of street lights

in SLIs can be correctly identified. Results show precision≥ 0.98 and recall≥ 0.90 for street
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import requests, numpy as np
from PIL import Image

base = ’https://maps.[third-party-vendor-domain].com/maps/api/streetview’
params = dict(

key = YOUR_API_KEY, #
location = ’47.652881,-122.322427’, # Seattle
size = ’640x640’, # maximum resolution allowed
fov = 120, # maximum field of view (widest angle)
heading = 180, # heading in degrees, relative to North
pitch = 0, # looking straight ahead relative to default (horizontally)

)

resp = requests.get(base, params=params)
with open(’raw.jpg’, ’wb’) as f: f.write(resp.content)

img = Image.open(’raw.jpg’).convert(’RGB’)
img.save(’example.jpg’)

light detection performance on 70 miles of selected segments on Interstate highways, US

highways, and OR state highways in ODOT’s Region 1. More specifically, Table 4.5 and

Table 4.6 present results obtained from an I-5 mainline segment and those obtained from an

OR-47 segment respectively. In other words, the detection module is accurate at both (1)

determining there is street light in the scene when there indeed exist luminaries and (2) de-

ducing there is not any street light when luminaries are not present. Compared to detecting

street lights in SLIs, localizing these SLIs faces more challenges. Most notably, it is required

to understand which luminaries detected are serving the driving approach/direction. This

could be difficult when street lights are on the left-hand side of the drivable roads and even

harder when there are multiple instances of street lights in the scene. Figure 4.15 presents

four examples to demonstrate the successful and failed cases: they cover interstate freeways

and state highways, mainlines and ramps. In I-5 mainline example, the driving direction is

northbound and SLIs on this segment are captured at different timestamps. SLIs captured in

an afternoon (and thus appear darker) are from 2019 while SLIs captured around noon (and

thus appear brighter) are from 2023. A closer comparison of the SLIs would reveal that the
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landscapes and even the highway message boards appear different. These are the additional

challenges ingesting data from third-party vendorswhere coverage of their SLIsmay be better

than state official archives, but quality control might be limited as the data can be somewhat

crowd-sourced. Nonetheless, the detection and localization results are superior as shown by

the number of street lights detected and their closeness to the ground truth locations. The

next two examples show results obtained from two ramps of I-5 Interstate freeway. The on-

ramp segment is served by five street lights, two of which are on the left-hand side whose

poles are shared with luminaries serving the mainline. In these cases, the detection module

works fine by segmenting corresponding pixels and classifying them as street lights, while the

localizationmodule did not have enough confidence that the luminaries are serving the ramp

directly, and thereby missing them. The next three street lights are well-defined and on the

right-hand side, so they are perfectly detected and localized. The off-ramp example has a sim-

ilar issue where the system misses a street light on the left-hand side, but it also contains a

false positive, a rare event in the developed system. A street light is present in the SLI with

its pole on the right-hand side and compared to its downstream images, this instance is not

repeated later. In this case, the proposed pipeline made a good judgment and the provided

inventory source file missed the instance. Example of OR-47 segment is presented the last in

Figure 4.15. The segment includes four records in ODOT inventory. The proposed system

misses thefirst one as the street light overlapswith autility pole in the SLI and is not detectable

as it appears too little in the previous SLI and is not present in the subsequent SLI. After suc-

cessfully detecting and locating the next three street lights, the proposed system continues

to make correct decisions by producing true negative results. The factor having the greatest

impact on successfully detecting street lights in Oregon’s SLIs is the quality of these images.
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While the proposed pipeline demonstrates robust handling of inputs of diverse range of res-

olution, one significant challenge emerge when working with suboptimal imagery of low

resolutions. The limited field of view presents a significant challenge to comprehensive light

fixture detection and localization. This limitation becomes especially problematic in areas

with irregular street layouts or where lighting fixtures are positioned at varying heights and

distances from the roadway. Even with advanced algorithms like the one proposed in this

chapter, these physical constraints of image capture cannot be computationally overcome,

resulting in systematic blind spots throughout the surveyed region. Cases exist where a street

light exists in one SLI but is too small to detect given the limited resolution, it suddenly be-

comes missing in the next SLI because of its limited field of view. Whereas this light fixture

is supposed to be associated with the latter SLI and thus mile post, it may be missing in the

detected dataset at all because it was successfully recognized in neither the former nor the

latter. Equivalently, the consequences of restricted field of view extend beyond simple detec-

tion failures to impact the process longitudinally. When sequential images fail to maintain

consistent coverage areas, the detection pipeline struggles to establish continuity between

frames, potentially counting the same fixture multiple times or missing others entirely. This

issue is compounded at intersections and curved road segments where optimal camera po-

sitioning becomes particularly challenging. Without sufficient overlap between consecutive

images, the system cannot reliably track individual fixtures across multiple frames, leading

to fragmented spatial data that undermines inventory accuracy and completeness. Therefore

the best approachmoving forward is to record SLIs of high-resolution, like those available in

Mapillary Vistas and host these data sources on cloud to facilitate accessibility.

This case studyhas huge implications on the applicability of ourproposedpipeline. Firstly,
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Table 4.5: Streetlight detection result on I‐5 segment (MP 282.66 to MP
302.64)

Ground Truth True Ground Truth False

Predicted True 1,077 12
Predicted False 39 2,868

* The segment contains 3,996 hundredth mile posts counting both directions and 390 street lights in total.
Among all corresponding SLIs, 1,116 images contain street lights.

Table 4.6: Streetlight detection result on OR‐47 segment (MP 55.18 to MP
71.05)

Ground Truth True Ground Truth False

Predicted True 401 5
Predicted False 12 2,754

Note: The segment contains 3,172 hundredthmile posts counting both directions and 171 street lights in total.
Among all corresponding SLIs, 413 images contain street lights.

the proposed pipeline demonstrated its capacity in recognizing road infrastructure elements

in a zero-shot fashion and this capacity holds beyond street lights. Figure 4.16 shows the

proposed pipeline outperforms domain models on recognizing steel bridges common in the

area. Despite that these domain models are trained on Mapillary Vistas data, where simi-

lar examples of overhead steel bridges or at least overhead concrete bridges exist, the trained

models still fail to extrapolate to OR’s test SLIs. Our proposed pipeline and the vision foun-

dation models therein, on the other hand, are able to extract useful elements from engi-

neered text description, produce meaningful point prompts, and segment correct pixels of

the previously unseen steel bridges. Secondly, the proposed pipeline for targeted sampling

of street lights extend beyond basic inventory management. By successfully detecting and

cataloging infrastructure elements on highways despite SLI quality limitations, a framework

is established to revolutionize how transportation agencies approach safety analysis. Tradi-

tional infrastructure inventories often rely on manual surveys and annotations that are both
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time-consuming and prone to subjective error. Our automated detection system not only

expedites this process but also produces inventories with trustworthy geospatial coordinates,

due to the high-resolution highway road network shapefiles. Thirdly, the catalog generated

through the pipeline improves conventional safety analysis by providing granular location

data that canbedirectly incorporated into existing safety frameworks. For example, theHigh-

way Safety Information System (HSIS) currently hosts roadway features like binary lighting

indicators (yes/no), severely limiting analytical precision. With the catalog potentially en-

hanced by our automated recogintion, safety researchers can now calculate distances between

locations of interest and the nearest lighting fixture, introducing continuous variables that

better represent real-world conditions. This shift from categorical to continuous measure-

ment allows for more nuanced statistical modeling that can reveal previously undetectable

relationships between infrastructure placement and crash patterns. Moreover, the availabil-

ity of infrastructure location data changes how transportation agencies can approach both

reactive and proactive safety modeling. From a reactive perspective, post-crash investigations

can now incorporate actual infrastructure characteristics at the crash location, rather than

relying on segment-level generalizations. This enables more accurate determination of con-

tributing factors and targeted countermeasure selection. Evenmore interesting is the impact

on proactive modeling: agencies can now develop predictive models that identify high-risk

locations based on infrastructure configurations before crashes occur. By analyzing patterns

in existing crash data alongside our comprehensive infrastructure inventory, safety analysis

can help identify optimal lighting placements and configurations that maximize safety bene-

fits while minimizing costs. Lastly, beyond immediate analytical applications, our infrastruc-

ture detectionpipeline establishes the foundation for developing comprehensive digital twins
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of transportation systems. As additional infrastructure elements are incorporated into the

detection system—guardrails, signage, pavement markings—the resulting catalog becomes

increasingly representative of the physical environment. This digital representation of the

whole highway network regardless of it being rural or urban enables studies to power safety

interventions can be virtually tested before physical implementation. Transportation agen-

cies can evaluate multiple infrastructure modification strategies, simulating their potential

safety impacts and cost-effectiveness before committing resources. This capability represents

a paradigm shift in infrastructure planning, moving from reactive maintenance to proactive

optimization based on data-driven insights derived from our comprehensive infrastructure

inventory.

4.4 Discussions

This chapter starts by reflectingon two limitations of thepost-hoc voting strategy that aims to

inject domain prior’s knowledge on pixel-level uncertainty into SAM’s segmentation masks

produced in a zero-shot fashion. The first limitation concerns the uneven pixel-level coverage

provided by SAM’s segmentation masks in its “everything mode”, which disproportionately

favors certain classes within the taxonomy. Moreover, the benefits gained from iterative sam-

pling may not be equally distributed, exacerbating the imbalance. This presents a challenge

for road infrastructure recognition from SLIs, as several infrastructure-related classes consis-

tently lag behind—both in segmentation performance and learning dynamics. The second

limitation lies in the foundational assumption regarding domain models’ segmentation con-

fidence and accuracy. In practice, domain models can be confidently wrong, yet the existing

frameworkdepends on themas context-aware,mask-level classifiers. These two limitations of
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the post-hoc classification pipeline motivate the core contribution of this chapter: targeted

sampling guided by multi-modal input. Rather than classifying every segmentation mask

produced by SAM post-generation, the proposed approach focuses on selectively segment-

ing relevant classes using SAM’s “anything mode”, informed by pre-processed class descrip-

tions and feature representations transformed into point prompts. Following a comparison

of two multi-modal foundation models and a discussion of how to extract visual activations

from their attention layers, we present an integrated framework that incorporates these ele-

ments. Experimental results demonstrate that formatted class descriptions by a functional

template helps Grounding DINO produce consistently good bounding boxes and class acti-

vation sample points within. SAM’s tarted segmentation build on these point prompts and

are successful.

This proposed methodology advances iRAP’s safety assessment by opening up a new po-

tential avenue for smart annotation. By embedding class-specific knowledge directly into the

prompt design, it allows SAM to focus on segmenting infrastructure elements that are most

relevant to road safety assessments. This not only reduces the workload on human annota-

tors but also improves consistency and coverage in identifying critical objects such as curbs,

sidewalks, and manholes, guard rails. The integration of multi-modal cues further enhances

the model’s ability to attend to subtle visual details often overlooked in generic segmenta-

tion. Overall, this new angle provides a scalable and adaptive solution for augmenting the

annotation process in support of more objective and data-rich Star Ratings assessments.
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(a) Grounding DINO output with class name (b) Segmentation result with class name

(c) Grounding DINO output with Mapillary Vistas descrip‐
tion

(d) Segmentation result with Mapillary Vistas description

(e) Grounding DINO output with engineered description (f) Segmentation result with engineered description

Figure 4.9: Proposed descriptions, rather than descriptions fromMapillary Vistas dataset or plain class name, help Ground‐
ing DINO produce the best bounding boxes and thus point prompts for class sidewalk. Grounding DINO only found one
relevant bounding box with class name “sidewalk” (panel a) and thus the segmentation result only covers one instance
(panel b). Description fromMapillary Vistas dataset misled Grounding DINO to a big and general bounding box that corre‐
sponds to “the road” (panel c) and thus bad segmentation results (panel d). In other words, the model believes “the road”
has the highest relevance to to these specific visual elements in the bounding box among all parts of the description sen‐
tence and all other text‐box pairs did not meet the stability and confidence thresholds. Engineered descriptions present
the best support for Grounding DINO (panel e), which identifies both pieces of sidewalk and generates good point prompts
for SAM’s successful segmentation (panel f). Note: only sample points from selected attention heads are visualized for
the bounding boxes.
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(a) Class name: Grounding DINO (b) Class name: proposed pipeline

(c)Mapillary description: Grounding DINO (d)Mapillary description: proposed pipeline

(e) LLM description: Grounding DINO (f) LLM description: proposed pipeline

Figure 4.10: Proposed descriptions, rather than descriptions from Mapillary Vistas dataset or plain class name, help
Grounding DINO produce the best bounding boxes and thus point prompts for class manhole. Grounding DINO only
found one relevant bounding box with plain class name “manhole” (panel a) and thus the segmentation result is only par‐
tial (panel b). Description from Mapillary Vistas dataset guided Grounding DINO to find both manholes in the SLI but
word “road” also triggered a big irrelevant bounding box (panel c), which led to bad segmentation (panel d). Engineered
descriptions (panel e) present the best support for Grounding DINO, which identifies both pieces of manhole with well
sized bounding boxes and produces good point prompts for SAM’s successful segmentation (panel f). Note: only sample
points from selected attention heads are visualized for the bounding boxes.
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(a) Class name: Grounding DINO (b) Class name: proposed pipeline

(c)Mapillary description: Grounding DINO (d)Mapillary description: proposed pipeline

(e) LLM description: Grounding DINO (f) LLM description: proposed pipeline

Figure 4.11: Proposed descriptions, rather than descriptions from Mapillary Vistas dataset or plain class name, help
Grounding DINO produce the best bounding boxes and thus point prompts for class guard rail. Grounding DINO found
both relevant bounding box with plain class name “guard rail” , but somehow the generated point prompts were off (panel
a), which led to inaccurate masks from SAM (panel b). Description from Mapillary Vistas dataset guided Grounding DINO
to find both manholes in the SLI but word “road” also triggered a big irrelevant bounding box (panel c), which led to bad
segmentation (panel d). Engineered descriptions present the best support for Grounding DINO, which identifies both
pieces of guard rail with well sized bounding boxes and produces good point prompts (panel e) for SAM’s successful seg‐
mentation (panel f). Note: only sample points from selected attention heads are visualized for the bounding boxes.
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(a) Points only (b) Points + box

Figure 4.12: Feeding box prompt to SAM in addition to point prompts worsens segmentation quality for infrastructure
element classes like sidewalk: (a) when only point prompts are supplied, the model respects the fine‐grained cues and
returns a clean mask for sidewalk; (b) supplying box prompt in addition to the point prompts produces a coarse mask that
reflects the box’s geometry but ignores the semantic hints encoded by the point set. In the example provided, the mask
from box + point prompts highlights of the inverse of sidewalk.

Figure 4.13: Oregon Department of Transportation (ODOT) region map. Street light inventory only exists for state high‐
ways in Region 1, around Portland Metropolitan Area, while other regions have more rural and mountainous highways
where systemic safety assessment can benefit the most.
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(a)ODOT Digital Video Log website (b)ODOT road network mileposts

Figure 4.14: Oregon Department of Transportation (ODOT) maintains two essential data sources for this road safety
assessment project: (a) the Digital Video Log provides SLIs on state highways for front‐ and side‐views on the right‐hand‐
side collected at 0.005 mile (26.4ft) intervals and the SLIs are of 640×480 resolution from the website archive and are
refreshed by survey campaigns on a regular basis; (b) the road network shapefile provides latitude/longitude in WGS84
coordinates for linearized mileposts at 0.01 mile granularity in its Region 1. SLIs in the Digital Video Log are queried for
every milepost on the exhibited network for analysis.
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(a) I‐5 mainline segment near 45.451N, ‐122.729E (b) I‐5 on‐ramp segment near 45.591N, ‐122.682E

(c) I‐5 off‐ramp segment near 45.337N, ‐122.771E (d)OR‐47 segment near 45.544N, ‐122.872E

Figure 4.15: Proposed pipeline identifies street light fixtures in SLIs and associate them with most reasonable mile posts.
The four examples include interstate freewaymainline (panel a), freeway ramps (panels b‐c), aswell as state highways (panel
d). Modules in the proposed pipeline identify both true positives and true negatives consistently, while the localization
function is occasionally disrupted by the limited quality of input SLIs. Specifically, limited resolution and field of view in
certain situations fail to include light fixtures in the closest SLI and thus the instance is matched to SLIs that contain it
immediate upstream.
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(a) Domain model (b) Proposed pipeline

Figure 4.16: Proposed multi‐modal segmentation pipeline outperforms domain model on challenging infrastructure object
classes in unconventional scenarios: (a) domain model is confused by overhead steel bridges and thus classifying many
pixels as vegetation and trucks, even though overhead bridges have been included in its training set in Mapillary Vistas;
(b) the proposed pipeline demonstrate tremendous zero‐shot capabilities to find the most relevant text patch from the
engineered class description, locate the most likely bounding box corresponding to that query, generate point prompts of
good correspondence and quality, and produces segmentation masks that distinguish bridge from sky pixels as much as
possible.
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5
Multi-source data fusion for safety analysis

5.1 Introduction

Street-level images (SLIs) offer a snapshot of the road environment from the road users’ per-

spective. When algorithmically parsed, these images supply granular information on lane

configurations, roadside hazards, midblock designs, traffic control devices, and vulnerable

road user (VRU) facilities, which are the precise elements that underpin the Safe Roads pil-
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lar of the Safe System Approach. By turning a once manual, resource-intensive visual in-

spection into a scalable computer vision task, automated infrastructure element recogni-

tion converts SLIs into geo-referenced asset inventories and condition ratings. Urban and

rural agencies alike can therefore diagnose design deficiencies, prioritize low-cost counter-

measures, and monitor asset life cycles without repeated field visits, accelerating the feed-

back loop between networkmonitoring and proactive roadway design. Yet road safety is ulti-

mately realized through the dynamic interaction between these static environmental features

and human driving behavior—the domain of Safe Speeds. Free-flow operating speed, speed

variance, and unexpected braking all encode drivers’ implicit assessment of roadway quality

and perceived risk. Coupling reliable, large-scale recognition of infrastructure elements with

crowd-sourced speed profiles opens a new analytic frontier: quantifying how specific design

attributes modulate real-world speed choice. Such evidence can inform self-explaining road

principles, calibrate automated speedmanagement strategies, and refine performance indica-

tors in traffic safety programs. In this light, the contribution of automated SLI segmentation

transcends assetmapping; it becomes a bridge linking the static anddynamic facets of the Safe

System, enabling data-driven interventions that harmonize road environment, desired oper-

ating speed, and ultimately, crash-momentum exposure.

5.1.1 CVD landscape and limits

Connected vehicle data (CVD) represents time-stamped information streams transmitted

from vehicles equipped with either original equipment manufacturer (OEM) telematics sys-

tems or aftermarket connectivity dongles. These systems continuously record and transmit

GPS coordinates alongside onboard diagnostic (OBD) metrics. Typical payload fields in-
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clude latitude/longitude coordinates, instantaneous speed, heading, yaw-ratemeasurements,

ignition status, and critical safety events such as hard-braking incidents. CVD’s continuous,

high-resolution speed traces allow direct observation of real-world operating speeds, e.g., me-

dian and 85th percentiles, and speed variance patterns that reveal driver behavior and risk

perception. This data collection scales network-wide compared to traditional methods using

loop detectors or specialized survey vehicles. For iRAP safety assessments, CVD provides an

empirical counterpart to the theoretical “desired speed” factor in Star Rating calculations,

enabling data-driven calibration of safety models.

CVD offers advantages over traditional cellular mobility data sources like call detailed

records (CDR) and location-based services (LBS). Compared to these cell phone data, CVD

achieves spatial accuracy of less than 3 meters, sampling intervals that are uniformly 1-3 sec-

onds, and rich telematics features including yaw rates, hazard variables, trip indicators, and

safety events. These attributes significantly surpasses those of cell-phone-based datasets: 50-

300 meters spatial accuracy, 10-60s sampling intervals, and plain GPS recordings. As sensors

are activated when vehicles are turned on, CVD also record clean trip starts and ends based

on vehicle ignition status, which is another shortcut where cell phone data pipelines need a

dedicate pre-processing step to infer origin and destinations based on extensive research.

Two critical parameters influence CVD’s reliability: sampling rate and penetration rate.

Sampling rate is the frequency of data collection along individual trajectories; it impacts map

matching quality and speed estimation accuracy. Studies show that while high-frequency

data such as those collected at 3-second intervals provides excellent trip trajectory details, it

can occasionally confusemap-matching algorithms by producing spatially similar points that

create illusionary detours. Meanwhile, very low sampling rates such as greater than 30 sec-
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onds blur stopping patterns and distribute stopped duration across multiple road segments,

deflating speed estimates. Penetration rate represents the percentage of vehicles in the traf-

fic contributes to the dataset. It determines representativeness of the sample among the total

traffic flow. This factor is compounded byCVD’s inherent bias toward newer, connected ve-

hicles and their owners, potentiallymissing patterns fromother vehicle classes and road users.

These biases can inflate or deflate observed speeds and thereforemust bemodeled probabilis-

tically.

5.1.2 SLIs and segmentation context

Street-level images (SLIs) provide comprehensive geo-referenced RGB panoramas at high

resolution (typically 0.15–0.3 m/pixel), refreshed regularly for the road network and with

varying coverage in rural areas. These visual datasets are collected via specialized camera-

equipped vehicles by platforms like Digital Video Log (DVL) system operated by ODOT,

crowd-sourced platforms like Mapillary, and commercial providers such as Google Street

View. The resulting datasets offer clear coverage of the roadway environment with precise

geolocationmetadata, time stamps, and in some advanced systems, LiDARpoint clouds that

enhance depth perception. The imagery resolution is sufficient to identify major infrastruc-

ture elements in most cases but also deterioration indicators, signage text, and subtle design

features like curb heights or drainage patterns that affect safety performance if quality is en-

sured.

SLIs enable comprehensive assessment of critical infrastructure attributes and serves as the

foundational data source for the Safe Roads pillar of the Safe System Approach. These ele-

ments include guard rail type and condition, crash cushion placement, lane configurations
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and markings, roadside hazard proximity, speed-limit and advisory signage, mid-block cross-

ing designs, traffic control device visibility, shoulder width variability, and facilities for vul-

nerable road users (VRUs) such as pedestrians and cyclists. While connected vehicle data

excels at capturing vehicle dynamics, driving speeds, and hard braking events, it provides no

information about the physical roadway environment that influences these behaviors. SLIs

allow analysis for design deficiencies, prioritize countermeasures, andmonitor infrastructure

life cycle conditions without repeated field visits, creating a scalable visual inventory that can

be processed by automated pipelines rather than site inspections or manual annotations.

The SLI processing workflow proposed in Chapter 3 and Chapter 4 leverage recent ad-

vances in vision foundation models, with the latter beginning with Grounding DINO for

open-vocabulary object detection, followed by point-prompt extraction to identify points of

activation, and culminating in Segment Anything Model (SAM) segmentation to generate

precise pixel-level masks of road elements. This zero-shot approach offers significant advan-

tages over traditional supervised segmentationmethods, including the ability to identify pre-

viously unseen infrastructure elements without domain-specific training, adaptability across

diverse geographic contexts, and high-quality segmentation masks that preserve fine details

of complex roadway features. The pipeline enables efficient processing of large SLI datasets

in inference mode covering hundreds of corridor-miles, with the capability to be parallelized

across multiple GPUs for regional or statewide analysis projects.

The segmentation pipeline combines deterministic element detection with sophisticated

probabilistic confidence scoring, providing a nuanced understanding of detection reliabil-

ity across varied roadway environments. Objectness scores fromGrounding DINO indicate

the certainty that a detected region contains ameaningful object rather than background ele-
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ments, while predicted IoU values from SAMquantify the expected quality of the segmenta-

tion mask relative to the true object boundaries. These complementary metrics serve as soft

quality indicators that allowfiltering orweighting detections based on confidence thresholds,

enabling uncertainty-aware analysis that distinguishes between high-confidence detections

suitable for automated decision-making versus lower-confidence detections that may require

human verification. This probabilistic framework is particularly valuable when aggregating

detections acrossmultiple images of the same location, allowing for ensemble approaches that

improve overall detection reliability through consensusmechanisms that account for varying

lighting conditions, occlusions, and viewing angles present in the SLI dataset.

Despite their considerable value for infrastructure assessment, SLIs face several limitations

that must be considered when incorporating them into safety analyses. Temporal staleness

indicates infrastructure changes, temporary construction, or recently installed safety coun-

termeasures could have taken place before SLIs can be refreshed and thus analysis may be us-

ing old data. Visual occlusion from vehicles, vegetation, or weather conditions can obscure

critical infrastructure elements, particularly in high-traffic corridors or densely vegetated ru-

ral roads where guardrails or signage may be partially hidden. Lighting variation across time

of day and seasons affects detection reliability, with harsh shadows, glare, or low-light condi-

tions degrading segmentation quality even with advanced computer vision techniques. Fur-

thermore, SLIs cannot capture dynamic states such as variable speed limit (VSL) panels, tem-

porary construction zone configurations, or time-of-day restrictions that may significantly

impact safety performance. Seasonal variation in roadside conditions, particularly in regions

with snowfall that may obscure shoulder boundaries or hide roadside hazards, further com-

plicates year-round applicability of insights derived solely from SLIs. These complementary
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strengths and gaps motivate coupling SLIs with time-resolved CVD to create a more com-

prehensive understanding of the road safety environment.

5.1.3 Prior fusion attempts

Prior research has mostly focused on extracting features from SLIs and CVD and applying

them to safety regression models. Cai et al.27 modeled three years of speeding crash counts

on 75 mi of Central Florida arterials with SLIs from Google Street View and probe vehicle

data from INRIX. Their workflow downloads SLIs every 10 m, semantically segment them

with domain deep learning model194, and paired with monocular-depth estimates, which is

projected back so that every pixel is geo-located in 3D road space. From the resulting point

clouds the authors extract interpretable, segment-level visual metrics, e.g., tree canopy ratio,

building facade ratio, proportion of road length lined by trees, and a Shannon-entropy index

of visual complexity. Authors then aggregated five-minute probe speeds from a data vendor

to estimate shares of observations exceeding the posted limit. Then these visual and speed-

ing features are added to a pool of conventional roadway and socio-demographic covariates

fed to tree-based regression models, which revealed the “speed-over-limit” metric was not a

strong predictor of speeding crashes, while green-view factors (tree canopy and roadside tree

presence) exert protective effects and visual complexity elevates risk. However, the authors

did not normalize the road segments by length of block or vehicle miles traveled (VMT),

which became the two strongest predictors of number of speeding crashes on these segments.

More importantly, the authors did not consider the uncertainty in the semantic segmen-

tation model output or the representativeness of the speed observations in collected CVD

samples. Islam et al.83 modeled rear‑end or sideswipe conflicts with instantaneous vehicle

151



dynamics, geometric variables, and location context features. They looked for such conflicts

in CVD dataset when vehicles were within 25 ft and the estimated time‑to‑collision (TTC)

fell below 3s. Then these conflicts and a 1:4 sample of non‑conflict observations were en-

riched with (1) vehicle driving dynamics such as speed, hard/normal acceleration, yaw rate,

stop flag, (2) geometric variables from FDOT GIS layers like speed limit, lane count, me-

dian width/type, intersection control, arterial/freeway class, AADT, and (3) land use data

like proximity to schools, hospitals, and fire stations. A binary logit including interaction

terms then revealed ten significant variables plus two significant interaction terms. Speeding,

hard brake, and acceleration as well as yaw rate were positively related to conflicts and speed-

ing in the vicinity of hospitals was also highly correlated with conflicts. Noticeably traveling

faster than 140% of the posted limit adds 7 percentage points of conflict probability. These

results underline speed discipline and lateral‑stability control as prime levers for proactive,

surrogate‑based safety management using connected‑vehicle data. However, the study did

not discuss the impact of 3%market penetration rate of the CVD dataset and thus the exclu-

sion of conflicts among other vehicular road users. Authors also applied agency’s GIS layers

directly, which could bring errors in our context. Abdel-Aty, Ugan, and Islam1 investigated

influence of drivers’ visual surroundings on their speeding behavior. They used an interesting

dataset that included about 3.5 million SLIs that covered more than four thousand miles in

15 U.S. cities. They were collected from a connected vehicle fleet, consisting of vehicles that

purchased the dashcam products which not only captured SLIs, but also uploaded location

and speed data every 30s, thus enriching the SLIs with geo-referenced information as well as

speed observations. Additionally, weather data were queried from public sources and asso-

ciated with each observation. These point observations of speed were then compared with
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speed limit GIS layers provided by local agencies to identify speeding observations; and the

SLIs were processed similarly to Cai et al.27 by applying semantic segmentation models to

calculate portions of pixels that belong to sky, vegetation, building, and road surface within

the SLIs. The authors found that visual environments, weather conditions, driver hetero-

geneity, as well as geographic locations influence speeding behavior significantly. More open

spaces were found to encourage speeding while trees and buildings were found related to re-

duced speeds. Vlachogiannis, Moura, and Macfarlane178 reversed the equation by detecting

the presence and type of traffic control devices–such as traffic lights, stop signs, and right

of way–from CVDmovement patterns approaching intersections. Their workflow looks at

CVD data from two sources: map‑matches the trajectories, filters turns and congestion arte-

facts, then feeds slowdown‑profile features plus simple network attributes into an XGBoost

classifier. Despite heterogeneous sampling rates and a penetration ratio below 5%, themodel

delivers 97% accuracy in San Jose and 93–95% when transferred to San Francisco, with per-

mutation tests showing that theminimum speed within 100m of the node is the single most

influential predictor. Learning curves reveal that just five trajectories going through per inter-

section secure 90% accuracy in‑city, while approximately 20 trajectories suffice for cross‑city

adaptation, quantifying the data budget for scalable deployment. By demonstrating that

coarse, noisyGPS alone can reliably label intersection traffic control devices by characterizing

when andwhy performance degrades, the proposed solution complements image‑dependent

inventories, especially where camera coverage is patchy or vision suffers from occlusion and

lighting variability.
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5.1.4 Contribution and outline

Building on these research, this study is the first to develop a comprehensive fusion frame-

work that connects infrastructure elements to observed driving behavior at network scale

while addressing the methodological limitations of earlier work. This research makes three

primary contributions to the field: first, it introduces a probabilistic treatment of CVD that

explicitlymodels sampling andpenetrationbiases throughbootstrap resampling andKolmogorov-

Smirnov distribution testing, allowing realistic confidence bounds on speed estimates; sec-

ond, it applies the pipelines proposed in previous chapters leveraging vision foundationmod-

els for zero-shot, open-vocabulary segmentationof roadway featureswithout requiringdomain-

specific training, dramatically expanding the range of detectable infrastructure elements; and

third, it implements this approach on a real-world dataset in Arizona, empirically validating

the relationship between detected speed limit signage and observed operating speeds across

diverse roadway contexts. These advancements create a scalable methodology for evidence-

based safety countermeasure selection that quantifies how specific design attributes influence

real-world driver behavior.

The remainder of this chapter is organized as follows. Section 5.2 begins with a focused re-

view of CVD as an emerging big data source: what features and attributes are available, why

its high-granularity speed traces are valuable for iRAP and road safety assessment, howCVD

compares with similar location-based data sources, and what sampling- and penetration-rate

pitfalls exist before adoption. The section then introduces two datasets used in this study:

CVD trajectories provided byPimaAssociation ofGovernments (PAG) inArizona and turn-

movement counts fromMiovision intersection sensors. Section 5.3 details a scalable pipeline

that converts raw large-scaleCVDtrajectories into speed insights, propagates samplinguncer-
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tainty, extracts posted speed limits from SLIs via the cascade proposed inChapter 4, and uni-

fies all sources of uncertainty, including penetration-rate bias, segmentation confidence, and

variable-speed-limit stochasticity, within a Bayesian framework that yields link-level posterior

distributions of the compliance gap. Section 5.4 quantifymap-matching accuracy across sim-

ulated sampling rates, examine how compliance gaps shift under realistic CVD penetration

scenarios, and visualise network-wide hot-spots where design attributes measured in SLIs

coincide with persistent over-speeding. Section 5.5 analyzes the fusion results, highlight di-

agnostic insights for maintenance and speed-management, and discuss how the proposed

framework can refine iRAP Star Ratings workflow as richer CVD and real-time variable-

speed-limit feeds become available.

5.2 Connected vehicle data

5.2.1 Overview

Connected vehicle data (CVD) has emerged as a significant transportation big data source,

attracting considerable interest within the community due to its potential to enhance traffic

management and safety analysis. Enabled by modern sensor and telecommunication tech-

nologies, CVD passively gathers data from probe vehicles, covering broader geographic areas

and longer time spans than traditional sensors. It has improved temporal granularity and spa-

tial accuracy and includes novel driving event related to dynamic driving behaviors. Mean-

while, CVD is sold in various processed forms by many third-party vendors at various yet

costly prices. And assessing the quality of these data products is made challenging by their

black-box nature, which complicates transportation agencies’ judgment of their added value

and justification of substantial investments into the data, staff, and supporting infrastruc-
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ture.

A comparison between CVD and location-based data sources collected on cell phones re-

veals several advantages of CVD for safety assessment purposes. Cell phone mobility data

include two categories in general: call detailed records (CDRs)60 and location-based services

(LBS)181. CDRdata are generated andpassively collectedbymobile carrierswhen cell phones

interact with cell towers, for example when calls start and end, when a text message is sent or

received, and when data packages are sent via the carrier’s network190. CDR data is therefore

collected as a byproduct for billing purposes routinely and thereby at a low cost and on a large

scale91,89. However, as CDR data are collected with the cell phones’ interaction with mobile

base towers, its spatial and temporal granularities are sparse. Some datasets record locations

represented by cell towers89, some by inferred coordinates via triangulation or other propri-

etary algorithms44,10,90,190,180; as a result, the location accuracy range from 50m in densely

populated areas to 300m in general cases190,201, and this further depends on the carrier’s mar-

ket share44. AlthoughCDRdata are often sparse in space and time, the large volume and long

observation period enable it to be used for interring human travel behaviors. It is thus often

usedwith census89, travel survey44,89, land use91,201 datasets to understand urban congestion,

travel demand in origin-destination pairs, trip purposes, and activity patterns, among others.

A typical pipeline includes stay and pass-by extraction, home detection, user-day filtering,

and expansion to population90.

Cell phone LBS data are positioning records of the smartphone devices either by GPS or

WiFi positioning systems. Therefore its spatiotemporal granularities are much better than

CDR, and features like speed and spatial accuracy of the spot measurement are available

in addition to timestamped coordinates. The speed feature allows LBS to be widely used
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for traffic monitoring and operation management, as these spot observations can contribute

to time-mean speed calculation99,75. The enhanced spatiotemporal granularities expand the

use of LBS across a broader spectrum of mobility topics than CDR, such as travel mode de-

tection203,228, social distancing compliance137, route choice behaviors and commuting pat-

terns200, driving patterns202, macroscopic fundamental diagram (MFD) calibration136, and

crash frequency modeling123. The improved granularity also prompts more robust trip ex-

traction algorithms181,180 due todatamissingness and examinationofLBSdata quality175, for

example (1) varying observation frequencies among users, geographies, and apps, (2) varying

temporal sparsity resulting in temporal clusters of observations, (3) gaps due to lost signals.

A typical pipeline to process LBS data shared multiple steps with that of CDR, from basic

cleaning and quality checking, to stay point detection/trip extraction, places identification

via clustering, trip/tour identification, and to task-specific feature engineering and imputa-

tion, before ending at expansion to population118,138,214,203,200

Compared to cell phone LBS, CVD is superior in the following aspects. CVD is com-

pletely vehicle-based and thus can theoretically upload all vehicular telemetrics data in addi-

tion to standard GPS-recorded features if not considering data transmission costs/limits/la-

tency. Features unique to CVD include (1) yaw rate which measures the lateral acceleration

of the vehicle in degrees per second and has always been collected by specialized sensors18; (2)

latencywhich indicates the time taken fordata tobe transmitted fromthe vehicle to the server,

implicitly denoting urban canyons; (3) ignition status that marks the start and end of vehicu-

lar trips, really useful for departure and parking behaviors; (4) hazard variables that monitor

critical safety events of the vehicle, including sudden acceleration, horn usage, emergency

braking, and electronic stability control activation; (5) trip variables that track fuel levels,
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(a) A trip as recorded in a typical cell phone LBS dataset (b) A trip as recorded in a typical CVD dataset

Figure 5.1: Connected vehicle data (CVD) are collected at higher temporal resolutions consistently, contrasting pings
collected in a typical cell‐phone location‐based services (LBS) dataset. Panel a exhibits a trip reconstructed from a typical
cell‐phone location‐based‐services (LBS) dataset is represented by widely spaced pings; gaps of minutes or miles would
even confuse map matching algorithms with multiple plausible routes. Panel b presents a trip captured in a connected‐
vehicle data (CVD) dataset and appears as a dense, high‐frequency polyline whose samples preserve every maneuver and
lane change. The consistently finer temporal resolution of CVD supports accurate speed, acceleration, and map‐matching
analyses for mission‐critical safety assessments, whereas LBS is more suited for origin–destination insights.

signal activations, and the use of parking brakes, offering insights into driving behaviors; (6)

occupancy-related indicators that recorddata on seat belt usage, the number of passengers, and

door status, which are vital for safety and usage analytics; (7) event attributes that capture the

states of wipers, lights, exterior temperature, and and detailed acceleration patterns, offering

comprehensive environmental and operational context. Many of these features have never

been made available at scale before and can directly contribute to safety analysis after proper

processing. CVD data is almost always of higher quality because vehicular onboard sensors

are built for more use cases more critical. CVD marks clear start and stop of trips based on

the vehicles’ ignition status and thus saves tremendous effort needed for accumulating tem-

porally spanning datasets and inferring home and/orwork location138. This preserves privacy

because device and/or vehicle identifier is no longer needed and CVD datasets typically only

record trip identifier to construct trip-level longitudinal behaviors.
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Because of its vehicle- and connectivity-based nature, CVD also have certain representa-

tiveness issues. Firstly, CVD misses other travel modes and for example does not contain

any VRU information, which means other data sources are always needed on top of CVD

if pedestrian or cyclist activity is within the study scope. Secondly, CVD data are biased

towards newer vehicle models that are equipped with GPS sensors and data onboard trans-

mission units, i.e., “connected”. This means CVD data is biased towards certain population

groups that can afford “connected” models, but not others. This may not be an issue for

general analysis like hotspot identification or speed estimation, but it creates bias in travel be-

havior understanding andODestimation, whenever insights fromCVDsamples aremapped

to the general population.

5.2.2 Bias mechanisms

Penetration rate is a critical parameter inmapping the knowledgeobtained fromCVDdatasets

to the true population behavior. Several studies investigate this parameter by varying the

number of CVD trajectories to simulate different levels of penetration rate. Campos, Wang,

and Zong28 applied K-means clustering to find the minimum number of trajectories for sig-

nal coordination performance; Vlachogiannis,Moura, andMacfarlane178 varied the number

of input trajectories at each intersection and investigated how different levels of this factor

influenced regulator identification performance of the developed ML model. They claimed

models require at most five trajectories per intersection to produce confident performances

trained and tested in the same region. To maximize transferrability, twenty trajectories were

found required to train the initial models. Cao et al.30 scales observed CV flow with vehicle

identification data from fixed sensors. Instead of scaling by network or hourly average pene-
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tration rates, the authors split CVD and their ODpairs into three subsets by comparing with

vehicle re-identification results: undetected OD pair set, detected OD Pair set, and matched

OD pair set. Penetration rate of each OD pair is then approximated by the penetration rate

of paths between the OD. This extended linear project method considers temporal and ob-

servability variation amongODpairs. Lastly sparse entries in the tensor are approximated via

decomposition techniques. Tavafoghi et al.172 assumes the distance/position from the inter-

sectionof each stopped vehicle observed inCVDfollows auniformdistribution, conditioned

on the maximum queue length. Non-parametric estimation of the empirical distribution

and average queue length then produces estimation of queue length agnostic of penetration

level, as the authors claimed. Islam, Abdel-Aty, and Anik82 noted the number of input tra-

jectories in the pre-crash window varied from 21 to 1 in their study. Abdelraouf, Abdel-Aty,

and Mahmoud2 analyzed penetration rates at 182 detector locations before using the CVD

dataset for traffic prediction on the network. The penetration rate ranged between 2.2% to

5.0%, with an average of 3.4%. Researchers in222,183 used probabilistic models to consider

non-CV arrivals. Kandiboina et al.94 quantified CVD penetration rate on Iowa highways.

Another important parameter is temporal resolution, or sampling rate. Sampling rate has

beenwidely discussed beforeCVDbecame available for its impact on speed estimation. Hen-

rickson72 investigated causal mechanisms that contribute to bias and uncertainty in CVD.

Notably, they identified three factors contributing tobias andmissingness inGPSdata (mostly

LBS) before large-scale CVDbecame available recently: (1) number of contributing vehicles,

namely penetration rate; (2) varying sampling frequency of the contributing vehicles; and

(3) varying speed distribution of the contributing vehicles. First of all, while all else being

equal, LBS datasets recordmore pings for road segments in high volume andmore congested
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situations both spatially and temporally, such as a congested highway or peak hours. Next,

because of this, the heterogeneity of contributing vehicles that have a mix of driving charac-

teristics and sampling rates results in certain subpopulations being over-represented. In such

cases, increased sample size does not necessarily improve the situation because there is no

control over the added vehicle. While these are valuable insights, it is critical to point out that

many conclusions no longer apply to present-day CVD. To start with, sampling rate of LBS

data is typically low contrasted with CVD. This temporal sparsity of LBS leads to time-mean

speed estimation, instead of space-mean speed, because the low sampling rate complicates

the acquisition of travelled links. Consequently, the number of pings becomes an important

factor as it serves as the denominator to produce the average speed. Contributing vehicles

that aremore frequently sampled by their sensors or those that travel slower on the study seg-

ment will unavoidably contribute more to the dataset and cause bias in the speed estimation.

This issue is even more exacerbated by the heterogeneous composition of LBS contributing

fleet, which consists of various vehicle classes whose data are collected by different types of

sensors. What is different in CVD is the improvement in both heterogeneities: sampling

rate and vehicle classes. In Wejo datasets used in literature discussed in this section81,84, all

vehicles are passenger vehicles and sampling rate are uniformly every three seconds. While all

contributors being passenger vehicles limits CVD’s representativeness in large vehicle classes

like trucks, it does make CVD represent the most common vehicles on US roads. Uniform

sampling rate in CVD also brings tremendous benefits. It not only eliminates the hetero-

geneity across car models, but also enables space-mean speed to replace time-mean speed in

producing speed products, because the number of alternative routes for any three-second

interval is greatly limited. Therefore, modern CVD has improved over many bias sources
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of LBS datasets but it is still true that vehicles travelling at lower speeds contribute more to a

CVDdataset; if aggregated in time-mean fashion, CVDdataset still biases towards the slower

moving population. This highlights a key contribution of this dissertation in advocating a

universal space-mean production of speed estimates and the procedure supporting it.

Sampling rate is also found critical for the quality of map matching, a pre-processing step

that matches GPS traces to the digital map data. For example, Chao et al.32 conducted a

survey of map matching algorithms for trajectory datasets and experimented with three rep-

resented algorithms; one of the experiment datasets was configured byKubička et al.107 from

100 different areas all over the world, at the resolution of one second per observation. In the

experiment, Chao et al.32 identified confounding effects between sampling rate and other

attributes of the source data. (1) Very high sampling rate can create very close pairs of GPS

pings, where the succeeding point be matched to the upper stream of its preceding point,

resulting unnecessarily detours in the output. This could be a significant problem if many

stop points are present in CVD, such as waiting for red lights. Therefore, higher sampling

rate does not always lead to better matching quality if the spatial accuracy cannot be guaran-

teed. (2)Matching breaks are caused by trajectory outliers, where individual observations fall

out of a reasonable candidate range. In high sampling rate scenarios, trajectory compression

may be a better solution to this issue compared to down-sampling. (3) High map density

may affect matching result, but its mixed effect with sampling rate and spatial accuracy is

not well explored yet. The paper byNewson andKrumm132 explored some combinations of

these factors when proposing the Hiden Markov Model (HMM) for map matching, but its

experimentation scenario is very limited.
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5.2.3 Existing safety applications

CVDiswidely used in trafficoperationsmanagement at intersections. Researchers fromPur-

dueUniversity analyzed performances by a cohort of aggregatedmetrics including time-space

diagrams, control delay, level of service (LOS), arrivals on greens, split failure, and down-

stream blockage150, for various intersection layouts, including roundabout152, diamond in-

terchange153, diverging diamond interchange155, and continuous flow intersections151. Sim-

ilarmeasures were used to evaluate effectiveness of signal phasing adjustments158 and system-

wide retiming opportunities157. Campos, Wang, and Zong28 summarized common perfor-

mance measures and investigated the minimum size of trajectories needed for performance

evaluation. Wijnand et al.191 used hard braking and hard acceleration frequencies fromCVD

to evaluate Australian roundabouts. These analyses units are per-intersection, meaning the

pipeline filters for activities within a spatial range of the selected intersections. Wang et al.184,

on the other hand, start the analysis in a Lagrangian view where they calculate performance

index for every single trajectory based on its longitudinal events, such as free-flow speed, free-

flowarrival time, number of stops, stopdelay, spill overs, andqueue distance, before aggregat-

ing by intersections. CVD is also used for traffic state and volume estimation at intersections.

Saldivar-Carranza, Li, and Bullock156 proposed a method based on geofencing and K-means

clustering to identify individual vehicle turning movement. Zheng and Liu222 modeled ar-

rivals at signalized intersections as time-dependent Poisson process and and demonstrated

CVD at low penetration level can be used for robust estimation of volumes. Tavafoghi et

al.172 estimated empirical distribution and average value of queue lengths, claiming to be

agnostic to penetration rates and queue dynamics. Instead of using looking at determinis-

tic time-space diagrams, Wang et al.183 connected vehicle trajectories with stochastic point-
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queue by a probabilistic time-space diagram, which reconstructs the recurrent spatiotempo-

ral traffic state at intersections for optimize signal retiming.

CVD is used for operationsmanagement on highways. Khadka, Li, andWang97 proposed

performance measures based on time-space diagram and showed they were effective for iden-

tifying queue propagation at freeway bottlenecks and estimating vehicles’ actual queuing

time between intersections. Desai et al.49 evaluated impact of freeway construction work

zone diversions with speed profile of the corridor in addition to the performance measures

collected at impacted intersections. Ahmad et al.8 assessed traffic delays and congestion with

speed profiles of the corridor during a short-notice wildfire evacuation as compared to before

and after the event. Travel time analysis were performed by Jalilifar et al.86 for border cross-

ing time at the Paso del Norte (PDN) International Bridge in El Paso, TX, where the authors

compared results fromCVDwith existing Bluetooth-based system and found that CVDdu-

ration estimates and CVD-generated variables can boost estimation accuracies. Zhong et

al.224 proposed multiple performance indexes across mobility, safety, riding comfort, traffic

flow stability, and fuel consumption. Multiple studies used hard braking events as metrics,

such as Ahmad et al.7 for driving patterns during wildfile evacuation, Mathew et al.124 and

Sakhare et al.149 for freeway queues and queue warning systems, and Desai et al.48 for work

zone safety evaluation.

CVD is used for planning pusposes. Cao et al.30 estimates dynamic origin-destination

flow with automatic vehicle identification (AVI) observations and CVD. The authors split

the workflow into two modules, where the first one produces estimates with CVD as prior

and the secondmodule calculates the optimal estimate based on this prior knowledge. Non-

negative Tucker decomposition (NTD) is adopted in the firstmodule to address data sparsity
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due to CVD penetration rate. Liu et al.119 synthesized travel itineraries based on CVD trips

and CVD data typically do not include vehicle or driver identifiers. They used this synthe-

sized itinerary data to simulate and thus estimate EV charging demands for Virginia.

CVD is also extensively used in safety research. Li et al.108 used hard braking events to

identify roadway hazards at work zones, signalized intersections, interchanges, and entry as

well exit ramps. Their assessments showed frequency of hard brakes could be used signals

to warrant geometry improvement and advance warning signs. Mussah and Adu-Gyamfi128

compared CVD-derived variables with historical crash records and found hard acceleration

events is strongly correlated crash outcomes in variuos statistical and machine learning mod-

els. Features extracted from CVD are also widely used as features to predict real-time crash

risks. Mussah andAdu-Gyamfi128 built amodel to predict real-time binary crash instances at

five minute resolution in Greater St. Louis, MO, with segment speed from CVD, reference

speed, and the differences of speeds between consecutive segments, among others. Zhang and

Abdel-Aty215modeled crashes in Greater Orlando, FL by collecting an extensive list of CVD

safety attributes within five to ten minutes before reported crash occurrence. This list aggre-

gated the variables to one minute level: number of braking, hard brakes, hard acceleration,

AEB activation, lane change signal, wiper usage, in addition to lane occupancy, mean speed,

volume of the crash segment as well as its immediate upstream and downstream neighbors.

A deep learning model is then trained to predict binary crash outcome and then transferred

to deployment where data is aggregated hourly. Anik, Islam, and Abdel-Aty12 investigated

crashes at eight intersections in Florida. They extracted nine general features from CVD

within pre-defined range of the study intersections: split failure counts and percentage, travel

timemaximum and average, control delaymaximum and average, approach speedmaximum
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and average, and percent arrival on green every 15minutes. The total number of features be-

fore selection reached 114 for within-intersection group and 33 for approach group, contain-

ing both traffic and weather information. Instead of aggregating counts, Islam, Abdel-Aty,

and Anik82 extracted all CVD trajectories in the five minute window prior to crashes and

within 300 feet. Observations that are within 30 seconds prior to the crash moment were la-

beled with positive label, while others identified in the spatiotemporal window were labeled

with zero. Theses trajectories with labels associated with each observation are then converted

into a two-dimensional matrix to preserve the raw information of trajectory, after which the

matrix was ingested by the deep learning model. Instead of using external crash records, au-

thors in several studies81,83 identified conflict eventswithin theCVDpopulation, by compar-

ing their trajectories spatiotemporally. These CVD-only conflicts were then modeled with

vehicle dynamics, geometric, and non-geometric roadway attributes to reveal the most sig-

nificant contributing factors. Although CVD-only conflicts may be limited in number and

bring biases, these studies did demonstrate the capacity of real-time individual vehicular dy-

namics features and howmaneuvers caused near-misses and even crashes. Such longitudinal

insights were also leveraged by Ugan, Abdel-Aty, and Islam174 in modeling speeding behav-

iors. Features extracted from longitudinal behavior included time spent as stopped in total,

at signalized, and at unsignalized intersections; total length of trip; number of intersections

passed through; number of turns in trip; max and average hard brake rates and number of

hard brakes in trip; max and average hard acceleration and number of hard acceleration; max,

mean, of yaw rates and average during turns; as well as proportions of commercial/industri-

al/institutional areas and all road classes. The trained ML model is used for understanding

how trip factors influence may cause speeding. CVD is used for speed control infrastructure
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detection. For example, Vlachogiannis, Moura, and Macfarlane178 investigated movement

patterns of CVD vehicles when approaching intersections. They demonstrated how CVD

slowdown and speed features in addition to roadway characteristics can infer the existence

and type of regulators. Their sensitivity analysis also explored the size of CVD datasets to

reconstruct the traffic regulator presence by varying number of input trajectories.

5.2.4 Research dataset

CVD are crowd-sourced by passenger vehicles, providing extensive spatiotemporal coverage

while maintaining enhanced granularities. The research dataset is provided by Pima Asso-

ciation of Governments (PAG), a federally designated metropolitan planning organization

(MPO) in Pima County, AZ, whose members including Pima County and the towns, cities

and tribes in the county, as well as the Arizona Department of Transportation (ADOT).

Specifically, these CVD trajectories cover two months in 2021 (January and August) and

have been pre-processed by PAG to remove personally identifiable information and to sort

by trip id and collection time. The sorting could be extremely cumbersome as data at this

volume are typically stored in file formats optimized for distributed processing, i.e., parquet

files, and thus records belonging to the same trip could be scattered in hundreds of files. Sam-

pling intervals of these CVD data are 3 seconds. An accompanying dataset provided by PAG

is traffic volume collected byMiovision125 camera sensors. These sensors are installed at inter-

sections as shown in Figure 5.2 and are primarily used for turning-movement and queueing

data collection. While data are reported every 15 minutes, we aggregate them to hourly or

daily for estimating penetration rates of CVD.

Map data used in this research are queried from Open Street Map (OSM)63, a free and
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(a) CVD data heatmap in PAG (b)Miovision sensor locations

Figure 5.2: Connected vehicle data (CVD) provide good coverage of the regional road network. Panel a shows heat map
of the CVD dataset, which shows these trajectories not only cover urban areas in Tuscon and Yuma, but also major border
crossing corridors as well as tribal roads. Panel b shows Miovision sensors installed at intersections around Tucson, AZ.
Radius of icons represent traffic volume and colors indicate data quality. Green indicate small missing rate, orange means
acceptable missingness, and red indicate alarming missingness. Underlying statistics are from Wu, Li, and Xu177.

crowd-sourced geographic database updated and maintained by volunteers. OSM uses a

topological data structurewith four core elements: nodes, ways, relations, and tags. Nodes are

points with a geographic position, stored as coordinates. Besides their usage inways, they are

used to represent map features without a size, such as points of interest or mountain peaks.

Ways are ordered lists of nodes, representing a polyline, or possibly a polygon if they form a

closed loop. They are used both for representing linear features such as streets and rivers, and

areas, like forests, parks, parking areas, and lakes. Relations are ordered lists ofnodes,ways and

relations, where each member can optionally have a role. Relations are used for representing

the relationship of existingnodes andways, such as turn restrictions on roads, routes that span

several existing ways. Tags are key-value pairs storing metadata about the map objects, e.g.,

type, name, and physical properties. Hence tags are always attached to an object: to a node, a

way or a relation. Based on this open and free road network data byOSM, high-performance

routing engines were implemented and open-sourced to compute shortest paths and provide
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map snapping on large road networks efficiently to serve transportation and supply chain

applications.

5.3 Methods

Having established the raw data sources, this section first details the processing pipeline that

turnCVD trajectories into link-level speed profiles. We then extract posted speed limits from

SLIs, before combining them in a Bayesian framework that propagates detection uncertainty

through the network and simulates various CVDpenetration rates to estimate speed compli-

ance metric.

5.3.1 Speed processing pipeline

A robust evaluation of speed-management countermeasures begins with a repeatable, au-

ditable workflow that converts raw, CVD pings into statistically explainable and maintain-

able measures of operating speed. The procedure should (1) preserve the full temporal res-

olution of connected-vehicle data (CVD), (2) mitigate known artifacts introduced by sam-

pling frequency, penetration bias, and map-matching uncertainty, and (3) emit link-centric

outputs that downstream safety tools like iRAP Star Ratings can query without additional

preprocessing. To serve these goals, a seven-step pipeline that promotes every intermediate

product, e.g., stop-segmented sub-traces, HMM match confidences, and bootstrap repli-

cates, to version-controlled tables and annotates each stage with quantitative goodness met-

rics such as F-measure for mapmatching and Kolmogorov-Smirnov distance for penetration

re-scaling. Figure 5.3 provides a synoptic view of the pipeline together with the column-

oriented data model that underpins it. Black boxes denote deterministic transformations of
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the CVD stream, teal boxes mark points where uncertainty is injected or propagated. These

CVD-derived speed profiles are joined to SLI-derived posted speed limits in the next section,

where the probabilistic framework is discussed.

Map data

- Node: id, latitude/longitude

- Link: node pair, length, type

Trajectory data

- Key: trip id, observation id

- Features: latitude/longitude, 

timestamp, speed

Matched trajectory
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Figure 5.3: Proposed speed processing pipeline uses six steps to process, organize, and link connected vehicle trajectory
data with other data sources for safety analysis. Firstly sampling frequencies can be simulated optionally for various
levels of data quality, e.g., mimicking LBS out of CVD; then complete stops are detected derived or origiinal trajectories to
segment trips into sub‐traces. The map matching function finds the most likely sequence of road links for these sub‐traces
with overlapping map data. Each ping in the sub‐trace associates with a matched link so that time spent on each link can
be estimated. Duration of complete stops, e.g., for traffic lights, are added to those road links. Link travel time per link
per trip can group by trip id to obtain link profiles. These profiles are keyed by link id and observations for a link serves
as a candidate pool, where the bootstrap function can simulate any desired levels of penetration rate by downsampling
or oversampling from that pool. Such bootstrapping is only valid when ground‐truth traffic volumes can be joined with
link profiles at the desired level, because any simulated penetration rate is supposed to dwarf the ground truth. Lastly,
travel times per link per trip and/or bootstrapped results are joined with external data as required by applications. For
example, if travel time reliability is the goal of analysis, then routes need to be provided to join with link speed data; speed
compliance is the goal of analysis, then location of the speed limit signs need to be associated with road links.

The raw trajectory feed arrives as time-ordered observations O =
〈
ti, φi, λi, vi

〉N
i=1,

where (φ, λ) are WGS-84 coordinates and vi is the measured speed. To assess how sparser

data streams would affect map matching and speed estimation frequencies, we first derive a

family of down-sampled replica emulating lower sensor sampling, given the original observa-
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tion sequenceO = {sk}Kk=1 with median sampling interval Δtraw = 3 s,

O(τ) =
{
sk
∣∣ tk − t1 ≡ 0 (mod τ)

}
, τ ∈ {9, 15, 30} s, (5.1)

where τ is the target sampling period. Each O(τ) retains the first and last fixes of the original

trace to preserve total trip duration. When τ = 3 s,O(τ) coincides with the raw feed. For ev-

ery sampling regime τ we process the corresponding observation stream O(τ). Although the

vendor applies smoothing filters, two potential issues persist: duplicated GPS location ob-

servations during complete stops andmicro-jitter—millimetre-scale noise while idling. Both

can corrupt map matching algorithms, especially state-transition matching models32, and

produce phantom cruising. Instead of compressing trajectories162, our procedure detects

complete stops of the trajectory indicated by duplicated latitude/longitude pairs with zero

speed and partition each trip into non-overlapping sub-traces. When data sampling rate is

high, this leverages the enhanced granularity to estimate time spent on particular OSM links,

as they tend to short and fragmented. When data sampling rate is low, there is little need for

extra compression in the first place.

T = {sk}Kk=1, sk =
〈
ti, φi, λi, vi : vi > 0 ∨ ∥(φi+1, λi+1)− (φi, λi)∥ > 3 m

〉
. (5.2)

The 3-meter threshold filters out micro-jitter yet retains legitimate creeping in congestion.

Each sub-trace inherits an identifier k to denote trip_id, enabling downstream joins while

preserving the parent trip context. Descriptive statistics recorded at this stage, including me-

dian sampling interval, stop count, and stop duration, form the first layer of the pipeline’s

provenance log.
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These down-sampled sequences are then map-matched independently to the OSM net-

work using the HMM algorithm. Let S(τ) = {s(τ)j } denote the candidate link-state sequence

for sampling regime τ; the Viterbi decoder maximises

P
(
S(τ) | O(τ)) ∝

∏
j

P
(
o(τ)j | s(τ)j

)
P
(
s(τ)j | s(τ)j−1

)
, (5.3)

where emissions probabilities follow a 2-DGaussian (σφ = σλ = 5m) distribution and tran-

sitions decay exponentially with great-circle distance between consecutive candidate links,

i.e., the same emission and transition kernels used for the raw 3-second data. Executing the

match at multiple τ values allows us to quantify how sampling frequency degrades recall,

precision, and ultimately speed-profile reliability. Map matching would return for every in-

put point a triplet ⟨link_id, offset, pmm⟩, where pmm is the marginal match probability. Map

matching fidelity is tracked with the length-weighted F-measure

precision =
∥T ∩M∥
∥M∥

, recall =
∥T ∩M∥

∥T∥
, F =

2 precision · recall
precision+ recall

, (5.4)

with ground-truth paths T derived from a 5 Hz reference set andM is the matched path32.

Sensitivity analysis reveals that the F-measure remains > 0.92 for sampling intervals up to 15s;

quality degrades sharply beyond 30s as alternative routes arise.

The next step estimates time spend on each link. Let two consecutive matched observa-

tions be ⟨ta, φa, λa⟩ and ⟨tb, φb, λb⟩, connected by link sequence Lab = [ℓ1, . . . , ℓm] with

total length Lab =
∑m

r=1 L(ℓr). Assuming uniform-speed between these two matched GPS
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observations, traversal time allocated to link ℓr is

Δt(ℓr) = (tb − ta)
L(ℓr)
Lab

. (5.5)

Whenm = 1 the full interval is attributed to a single link; form > 1 the proportional rule

above prevents negative speeds on short connectors. Complete-stop segments inherit their

measured dwell time, ensuring that queueing delay is not suppressed. Per-link speed is thus

v(ℓ) =
L(ℓ)

Q(ℓ)∑
q=1

Δtq(ℓ)

, (5.6)

with Q(ℓ) denoting the number of traversals of ℓ by the same trip. For sampling intervals

exceeding 20 s, which are extremely rare cases in this CVDdataset, an additional cubic-spline

interpolation layer is invoked to mitigate the piecewise-constant bias documented72. All in-

termediate tables conform to awide schema keyed by ⟨trip_id, obs_idx⟩ for point-level prod-

ucts and ⟨trip_id, link_id⟩ for link-level aggregates; this uniform keying enables vectorized

bootstrapping in the probabilistic framework. It is not hard to find out sampling rate has a

strong impact on this step as well. When sampling rate is low, the uniform speed assumption

during link time allocation may be compromised. Therefore, speeds between ground truth

(i.e., high sampling rate) and simulated (i.e., low sampling rate) can be compared to measure

this influence. Measured speeds can also be comparedwith spot speeds observed at each signal

ping, as spot speeds in CVD are more reliable than LBS data.

Uponcompletionof the link–time allocation, each traversal recordhas the canonical schema
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⟨trip_id, link_id, v,Δt⟩. Aggregating over trips yields a link profile

prof(ℓ) =
〈
μv, σv, v50, v85, ntrips

〉
, (5.7)

where μv and vp denote the mean and p-th percentile of the speed distribution, respectively.

This profile is our “best-knowledge’’ benchmark at the observed fleet penetration. To eval-

uate sensitivity to lower penetrations, we apply a stratified bootstrap that mimics random

under-sampling of the connected fleet:

• choose a target penetration π ∈ {1%, 2%, 3.5%, 5%};

• for every link ℓ sample, without replacement, ⌊π ntrips(ℓ)⌋ traversals;

• recompute μv, v50, v85;

• repeat B = 1,000 times, storing results under key ⟨link_id, b⟩.

The difference between the bootstrapped and full-sample speed distributions is quantified

with the two-sample Kolmogorov–Smirnov statisticDn,m defined in Eq. 5.8; a p-value below

0.05 flags links whose speed estimate is unstable at the chosen π: Dn,m denotes the distance

statistic calculated between two samples and F1,n(x) and F2,m(x) are the CDFs. The null

hypothesis, i.e., two samples are from the samedistribution, is rejected at levelalpha ifDn,m >

c(α)
√

n+m
nm , where c(α) is a value based on α.

Dn,m =
∑
x

|F1,n(x)− F2,m(x)| (5.8)

A point estimate of the true CVD penetration is required to anchor the bootstrap analysis.

Let CCVD(h) denote the number of distinct CVD vehicles crossing a detector during hour h
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andCGT(h) the corresponding ground-truth count. Aggregating over a periodH as in Equa-

tion 5.9 gives the estimate penetration rate. For 7 January 2021 themean arterial penetration

is 5.5%, with the full range being 4.9–6.1 %.

PCVD(H) =

∑
h∈H CCVD(h)∑
h∈H CGT(h)

. (5.9)

The vision pipeline produces speed limit detection results based on SLIs by means of a

lookup table.

limit_tbl =
〈
link_id, L, pdet, is_dynamic, last_seen

〉
, (5.10)

where L is the numeric speed limit (mph) decoded from the SLI mask; pdet is the detection

confidence calculated by the proposed vision pipeline in Chapter 4; is_dynamic ∈ {0, 1}

flags variable‐message signs; and last_seen records the capture date of the source SLI. For

staticR2-series signs the limit value is treated as deterministic when pdet > 0.70; lower‐score

detections are discarded, so pdet drops out of the posterior. When multiple static signs map

to the same link, the record with the most recent last_seen is retained. Links that carry

variable speed displays (is_dynamic = 1) receive a placeholder L = NaN and are excluded

from the compliance analysis unless a controller feed is available. The join is executed once

per bootstrap replicate via link_id and materialized as ⟨trip_id, link_id, v,L⟩, ensuring that

every speed observation is co-located with a posted limit where one exists.

175



5.3.2 Probabilistic framework for compliance

Conventional compliance studies typically stop after a single bootstrap estimate of V85 and

treat the posted limitL as a fixed input. That approachmasks three independent error sources

already present in our pipeline: fleet penetration sampling and sign detection uncertainty (or

controller variability forVSL links) inL. Equally important is the veracity of both inputs. We

therefore develop an uncertainty-aware pipeline that quantifies sampling bias in connected-

vehicle speeds, and learns aprobabilistic speed-limit layer fromautomatically detected signs in

SLIs. The resulting framework outputs a distribution over speed-exceedance intensity rather

than a point estimate. By embedding these uncertainties in the proposed Bayesian Monte-

Carlo layer, for every link ℓ, a posterior distribution of Δ(ℓ) = V(ℓ)−L(ℓ) can be calculated.

This is novel on two fronts: (1) it is the first workflow to propagate error jointly from both

connected-vehicle speeds and vision-derived speed limits, and (2) it yields a direct probabil-

ity measure P
(
Δ(ℓ) > 0

)
that can be aligned with speed limit design principles, which no

deterministic method can quantify defensibly.

The probabilistic layer also deepens the Safe System interpretation of the results. For the

Safe Speeds pillar it shows not justwhere speeding occurs, but how surewe are of that diagno-

sis, guiding agencies to schedule imagery refreshes or spot-radar checks only where posterior

uncertainty is large. ForSafeRoads, the sameposterior canbe cross-filteredwith the roadside-

severity scores extracted in Chapter 4, producing a combined “speed × severity” hotspot list

that prioritizes segments where a high-energy crash would be least forgiving. In short, trans-

forming Δ into a distribution rather than a single number closes an acknowledged research

gap and supplies practitioners with a risk metric that is both statistically rigorous and opera-

tionally actionable.
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The processing pipeline yields, for every bootstrap replicate b and link ℓ, a paired obser-

vation ⟨v(b)(ℓ), L(ℓ)⟩. A purely point-estimate treatment would ignore three uncertainties:

fleet penetration bias, sampling-rate artefacts, and imperfect sign detection or, for VSL corri-

dors, intrinsic variability in the displayed limit. We therefore wrap the deterministic output

in a Bayesian layer whose goals are to (1) convert raw bootstrap draws of v(b)(ℓ) and detection

confidences on L(ℓ) into a full posterior distribution of the compliance gap Δ = V−L; and

to (2) produce link-level probabilities of speeding that align with iRAP’s criterion, enabling

objective hotspot selection.

For every link ℓ we treat the operating speed and the posted limit as random variables due

to the stochasticity in vision model.

V(ℓ) ∼ fV
(
π,S(ℓ)

)
, L(ℓ) ∼



δ
(
L̂
)
, static sign, pdet > 0.70,

Bernoulli
(
pdet

)
· L̂, static sign, pdet ≤ 0.70,

gt( · ), variable-speed sign (VSL),
(5.11)

where fV is the empirical bootstrap distribution of the link’s 85-th-percentile speed; π is the

fleet penetration level, S(ℓ) denotes the full set of speed samples on ℓ; L̂ is the numeric limit

read from the SLI mask; δ(·) denotes a degenerate one-point distribution; pdet is the sign-

detection confidence; gt(·) is a time-indexed discrete PMF supplied by the VSL controller.

While due to limited access to dynamic data stream for SLIs like those captured by con-

nected dash cameras, signs available inMapillary dataset and third-party vendors are updated

with low cadence and thus we only allow the first two options and if pdet > 0.70, so L(ℓ)

is deterministic; the general form is kept to show how the framework accommodates lower-
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confidence detections or future VSL feeds.

Three complementary compliancemeasures can be computed, given every bootstrap repli-

cate b and each link ℓ that possesses a valid posted limit:

Δ(b)
50 (ℓ) = v(b)50 (ℓ)− L(ℓ), (5.12)

Δ(b)
85 (ℓ) = v(b)85 (ℓ)− L(ℓ), (5.13)

E(b)(ℓ) = 1
{
v(b)(ℓ) > L(ℓ)

}
, (5.14)

where v(b)p (ℓ) is the p-th percentile speed drawn from the bootstrap distribution of V(ℓ) at

penetration level π. The gap statistics Δ50 and Δ85 track median and 85th-percentile com-

pliance, respectively, while the binary indicator E(b) records any exceedance event. After B

replicates, the empirical speed exceedance probability for each link is summarized by

μΔp
(ℓ) =

1
B

B∑
b=1

Δ(b)
p (ℓ), σ2Δp(ℓ) =

1
B− 1

B∑
b=1

(
Δ(b)

p (ℓ)− μΔp
(ℓ)

)2
, (5.15)

Pexceed(ℓ) =
1
B

B∑
b=1

E(b)(ℓ). (5.16)

Links with Pexceed(ℓ) ≥ 0.15 deserve closer investigation by road authorities, if posted speed

limits are expected to match 85th operating speed. This means on average 85% of speed ob-

servations should be below this threshold and equivalently, speed compliance failure should

be limited to 15% or below. We can leverage this interpretation to identify road segments of

high-risk or set up separate thresholds for that purpose. All posterior statistics are written

to a columnar store keyed by link_id, providing a plug-and-play input to the Star Ratings
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calculation chain. More specifically, the Monte-Carlo sampling to approximate compliance

gap Δ(ℓ) = V(ℓ) − L(ℓ), ℓ ∈ Estatic and its posterior CDF FΔ(x | ℓ) = P
(
Δ(ℓ) ≤ x

)
consists of these steps:

• outer loop (penetrationgrid): for eachpenetration levelπ ∈ {1%, 2%, 3.5%, 5%, πemp},

draw B = 1,000 bootstrap replicates of v85.

• inner loop (detection uncertainty): for static signs with pdet ≤ 0.70 flip a Bernoulli

coin with that probability; if the draw fails then set L = NaN and skip the replicate;

for pdet > 0.70 we accept the limit deterministically.

• compliance metrics: record Δ(b)
50 , Δ

(b)
85 , and the indicator E(b) = 1{v(b)85 > L}.

• posterior summaries: afterBdrawswe storeμΔp
, σΔp , the one-sided95%CI, andPexceed=

B−1
∑

b E(b).

In summary, this probabilistic layer delivers three novel ingredients absent from prior

CVD–SLI fusion work: explicit penetration-rate propagation, detector-confidence propa-

gation without re‐training, and link-level posterior risk scores that plug directly into iRAP’s

decision thresholds.

5.4 Results

We restrict the analysis to CVD trajectories that were collected on January 7, 2021 and that

traversed amajor corridor in the region, consisting ofW Ina Rd, E Ina Rd, E SkylingDr, and

E Sunrise dr. This selection is based on the fact that several intersections on this corridor had

the largest traffic volume by Miovision sensors. For example, W Ina Rd and N Thornydale

Rd was the busiest corridor.
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5.4.1 Impact of sampling rate

Given the wide impact of sampling rate on data cost and processing pipeline, we simulate

various sampling frequencies by down-sampling the original data to evaluate the accuracy of

speed estimation, correctness of stop identification, and quality of map matching. To emu-

late coarser datasets we down-sampled each trajectory to three levels of sampling intervals: 9

seconds, 15 seconds, and 30 seconds. As a comparison, typical LBS feeds arrive every 20 to

30 seconds, albeit inconsistently. Figure 5.4 displays recall, precision, and F-measure (Equa-

tion 5.4). At 9 s and 15 s intervals the performance curves of recall, precision, and F score

in Figure 5.4 are virtually indistinguishable from the 3s baseline, and link-speed errors rise

by less than 1 mph in MAE, as presented in Table 5.1. Those levels still resolve stop bars,

short weaving sections, and midblock decelerations that matter for safety diagnostics. Once

the spacing widens to 30 s, however, two problems emerge. Geometries are missed because

an average passenger car traveling 35–40 mph covers 470–590 m in 30 s; this distance is long

enough to skip an entire signalized intersection or a freeway off-ramp, so the map-matcher

has to guess. Time spent while stopped smears to corresponding links. By spread dwell time

at red lights acrossmultiple links, travel times on these links are inflated and inferred speed are

depressed. MAE nearly triples (4.7 mph) and the violin plot in Figure 5.4 grows fat around

the diagonal, signaling larger directional bias. Temporal resolution seems okay to be relaxed

to 15 s with almost no performance penalty; 30 s is a defensible ceiling.

Table 5.1 compares estimated link speeds with spot speeds observed inCVD, usingRMSE

and MAE as in Equation 5.17, as well as the 15th and 85th percentiles of the errors. The 3

second feed yields the lowestMAE 1.67mph but the largest RMSE 44.3mph, a perfect indi-

cator of occasional phantomcruising, i.e., very short detours between nearly coincident pings
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(a) Simulated sampling frequency: 9s (b) Simulated sampling frequency: 15s (c) Simulated sampling frequency: 30s

Figure 5.4: Map matching quality does not deteriorates significantly in 9s and 15s sampling rate (panels a‐b), but drops
when the rate is 30s (panel c). For each trip, recall, precision, and F measure can be calculated based on Equations 5.4
by comparing map matching results of downsampled trajectory against original CVD trajectory (three‐second frequency).
These metrics are weighted by lengths of the road links to accommodate their intrinsic differences. After collecting quality
metrics per trip, cumulative distribution functions (CDFs) of each metric reveal the full spread of each metric: central
tendency, variability, and long‐tail behavior.

that imply unrealistic speeds. Figure 5.5 corroborates these findings: speeds on shared links,

the number of detected stops, and stop-duration estimates are nearly identical for 3 s, 9 s,

and 15 s, while 30 s begins to blur stops and deflate speeds. More specifically, at 9 s and 15 s

the detour artifact diminishes, cutting RMSE to 18.8 mph and 13.6 mph, with only modest

increases inMAE. 30 s samplingwidens all errormetrics (MAE4.73mph; RMSE19.8mph).

Knowing that very high sampling can backfire on themapmatching function, strategies exist

to mitigate these phantom cruising issues accordingly: (1) use a heading filters to drop can-

didate edges whose bearing deviates> 30 degrees from the observed course;(2) apply context

windows to score a candidate path not just on its own likelihood but on continuity with the

previous N matched points; (3) impose speed caps to discard edges if implied speed exceeds

three times the statutory limit.

MAE =
1
N

N∑
i

|vi − vGTi |, RMSE =

√√√√ 1
N

N∑
i

|vi − vGTi |
2 (5.17)
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Table 5.1: Estimated link speed vs. spot speed observations

Sampling rate (s) RMSE (mph) MAE (mph) 15th percentile (mph) 85th percentile (mph)

3 44.3 1.67 -0.63 1.57
9 18.8 2.04 -0.93 2.30
15 13.6 2.68 -1.77 3.35
30 19.8 4.73 -4.49 5.98

(a) Estimated speeds on shared links (b) Number of detected stops (c) Duration of detected stops

Figure 5.5: Link speed estimation quality also indicates the pipeline does not suffer from loss of sampling frequency
until 30s. Panel a shows that estimated speeds of frequencies 9s and 15s exhibit controlled dispersion around the plane
diagonal, while estimations of 30s sampling frequency presents a huge violin shape. It is also noticed that a subset of
estimated speeds from the original sampling frequency are outlying by reaching more than 100 mph and these outliers
are also seen for 9s and 15s frequencies, but not 30s frequency. While this indicates potential quality pitfalls in the map
matching module, it also tells that behaviors of 9s and 15s stay closer to the original. The other two metrics center around
stops that are detected at different sampling frequencies. Impact of low sampling frequency is clear as all data points lie
in the lower right half of the plane, indicating different levels of losses. Both the number of detected stops (panel b) and
duration of these complete stops (panel c) tell that behavior of sampling frequencies at 9s and 15s does not deviate from
the original as much as that at 30s.

5.4.2 Speed limit detection

Speed limit detection should be modeled as a probabilistic problem, not a frozen catalog

lookup, because every stageof theworkflow—fromfield conditions topolicy interpretation—

contains parts that deterministic maps cannot capture. Firstly, the assumption that a limit is

“fixedonce recorded” fails as agencies roll outLEDregulatory signs and short‑livedwork‑zone

plates; a crew can drop a 35 mph orange plate on a normally 55 mph link for the night

shift, and the moment a traffic cone occludes the sign the detector’s confidence drops. Sec-
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ondly, leaning on an “already good enough” GIS layer ignores the routine audit finding that

ameaningful share of limits are missing ormismatched because as‑built drawings never track

post‑construction swaps or school‑zone plaques. A vision detector can close that gap only if

its confidence is calculated per detection; when confidence is low the systemmust fall back on

the GIS prior. Thirdly, the idea that a static “90% accuracy is good enough” misses the core

idea of compliance: if mean speed hovers around 47mph, a slightmisreadwill flip thousands

of trips from “compliant” to “violation”, pushing exceedance probability high. Propagating

that speed limit sign detection and recognition uncertainty creates actionable signals. For ex-

ample, in the night‑shift work‑zone example, the posterior becomes bimodal and the wide

probability band itself is the alert that human input is needed; when a variable speed sign

freezes blank while upstream LEDs fall to 45 mph, a low‑confidence prior widens the com-

pliance interval, simultaneously flagging a safety risk and diagnosing a hardware failure; by

encoding time‑of‑day modifiers in the prior, a school zone link instantaneously shifts from

25 mph to 35 mph at 4pm, so the map never falsely alerts “speeding” after school hours. In

summary, treating the speed limit detection as a probabilistic problem in our context has

wide real-world implications.

The vision pipeline proposed in Chapter 4 delivers a solid performance on standard SLI

dataset. It allows for versatile multi-modal input tailored for “speed limit sign” and success-

fully capturesmost instances (see Figure 5.6). The only failed caseswere due to a combination

of external factors. Firstly, geo-referenced speed limit map by Pima county oversimplifies the

network: it only uses one polyline to represent a road segment, which is physically wide. This

inevitably causes the matched SLI to end up in lanes of the other direction of travel in some

cases, which results in the speed limit signs being small and distant in the field of view. And
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(a) Posted speed limits on West to East driving direction (b) Posted speed limits on East to West driving direction

Figure 5.6: Speed limits signs are recognized with previously proposed vision pipeline using SLIs acquired from third‐party
data vendor. Readings are extracted from these identified speed limit signs and propagated through the road network,
assuming road segments between two speed limit signs are governed by the upstream speed limit sign. The chosen corridor
features various driving contexts: urban vs. rural and plain vs. mountainous. Notice how certain parts of the corridor are
filled with speed limit signs, indicating these segments might be the most speeding violations occur. The two panels show
propogated speed limit in two driving directions.

due to sampling intervals and the driving speed of the survey vehicle, there is no guarantee of

the appearance of speed limit signs in SLIs, often positioned and rotated. Lastly, occlusion

could be serious for these wide segments as vegetation like trees and cactus can be planted

in the median and if the SLI collection point is positioned on the wrong side of street, the

algorithmmust be able to look over or through them.

5.4.3 Speed compliance

Figure 5.8 compares empirical cumulative distribution functionsof the compliance gapΔL =

v(b)−L for the east‑bound (EB) approach of theW InaRd&NThornydale Rd corridor un-

der four simulated fleet‑penetration scenarios π ∈ {1, 2, 3.5, 5}%. This segment connects

the I‑10 Frontage&WInaRd interchange to the signalized intersection atNThornydaleRd.

To reveal intra‑segment heterogeneity this link is bisected at its approximately its mid‑point

(see Figure 5.7), yielding a fast upstreamhalf (higher design speed, wider lane, no frontage ac-

cess) and a slower downstream half (adjoining retail frontage, shorter block length). The full
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Figure 5.7: The segment connects the busiest intersection to the third busiest intersection by traffic volume according
to installed Miovision sensors. First half of the segment is immediately downstream of I‐10 Frontage Rd & W Ina Rd and
treated as fast segment; second half is immediately upstream of the W Ina Rd & N Thronydale Rd. and denoted as slow
segment.

segment and the slow half share similar speed exceedance profiles: regardless of bootstrapped

penetration rate, their empirical CDFs clear at approximately 0, implying compliance. On

the contrary, CDFs of the fast section shift right by 6-10 mph. At π = 1% the exceedance

probability P(Δ > 0) ≈ 0.25, shrinking only slightly to≈ 0.22 at π = 5%. The interval

between 10thpercentile and 90thpercentile is also tighter, indicating that under all simulated

cases, the speed gap ΔLmoves to positive region consistently fast.

Figure 5.9 and Figure 5.10 visualize distribution across bootstraps of the median (Δ(b)
50 L)

and 85th‑percentile (Δ(b)
85 L) compliance gaps for the same corridor, separating the fastest and

slowest halves and contrasting the 1% versus 5% penetration scenarios. For the fastest half

the posterior mean is μΔ50
= +2.7 mph at π = 1% and +2.5 mph at π = 5%; the 95%

credible interval shrinks only from ±1.8 mph to ±1.4 mph. By contrast the slow half cen-

ters at μΔ50
= −7.4 mph with a similarly narrow CI, confirming systematic under‑speeding

near the signalized intersection. The fast half records μΔ85
= +7.6 mph with CI= [6.1, 9.1]
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(a) full, 1% (b) full, 2% (c) full, 3.5% (d) full, 5%

(e) fastest, 1% (f) fastest, 2% (g) fastest, 3.5% (h) fastest, 5%

(i) slowest, 1% (j) slowest, 2% (k) slowest, 3.5% (l) slowest, 5%

Figure 5.8: Empirical cumulative distribution function of ΔL estimated for EB approach of W Ina Rd & N Thornydale Rd
under different simulated penetration rates. Panels a‐d present results on the full segment; panels e‐h present results on
the fastest half; panels i‐l present results on the slowest half. X‐axis ΔL calculates observed speed minus speed limit in
miles per hour. Pink ribbon is area between 10th and 90th percentiles. Profiles of the full segment and the slow portion of
the segment show almost 100% speed compliance, while profiles of the fast portion only demonstrate 75% compliance,
i.e., FΔ(x | ℓ) ≈ 0.75.
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(a) fastest, 1% (b) fastest, 5% (c) slowest, 1% (d) slowest, 5%

Figure 5.9: Bootstrapped median speed exceedance Δ(b)
50 L of two different portions of the EB approach of W Ina Rd &

N Thornydale Rd segment under two simulated penetration rates. Panels a‐b present results on the fastest half of the
segment, while panels c‐d present results on the slowest half. Under both scenarios, i.e., 1% and 5%, median driving
speeds on the fastest half of the EB approach could be approximately 8 mph higher than the slowest half and the fastest
half witnesses around two to three mph median speeding above speed limits.

mph under 1% penetration and 6.8 mph (CI= [5.9, 7.6] mph) under 5%. For the slowest

half the distribution straddles zero, with μΔ85
= −1.3 mph and 46% of replicates yielding

Δ85 > 0. Even at the lowest penetration level, the Bayesian posterior separates the two halves

by approximately 8 mph in both median and 85th percentile speed gap. The modest tight-

ening of CIs from 1% to 5% penetration indicates diminishing marginal value in purchasing

higher CVD penetration for corridor‑level compliance diagnostics. These histogram‑based

summaries complement the CDF ribbons by revealing how often a corridor section would

be classified as speedingwhen only a fraction of the connected fleet is observed—a keymetric

for agencies deciding whether low‑cost (1% penetration) data are sufficient.

Figure 5.11 translates the link‑level exceedance probabilities Pexceed(ℓ) into a geographic

heat map for the corridor that includesW Ina Rd, E Ina Rd, E Skyline Dr, and E Sunrise Dr

and that has the most highly ranked intersections by traffic volume collected by Miovision

sensors. Results from (π = 1%) and p(π = 5%) highlight almost identical hotspots—

most prominently E Skyline Dr, east of E Ina Rd–despite the five‑fold change in fleet cov-

erage. Cross checking with Figure 5.6 reveals that hotspot segments overlap with wide‑lane,

low‑access arterials, which are typical environments where static 45 mph limits conflict with
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(a) fastest, 1% (b) fastest, 5% (c) slowest, 1% (d) slowest, 5%

Figure 5.10: Bootstrapped 85th percentile of speed exceedance Δ(b)
85 L of two different portions of the EB approach of

W Ina Rd & N Thornydale Rd segment under two simulated penetration rates. Panels a‐b present results on the fastest
half of the segment, while panels c‐d present results on the slowest half. Under both scenarios, 85th percentile of driving
speeds on the fastest half of the EB approach could be approximately 4 mph higher than the slowest half and the fastest
half witnesses around six to eight mph speeding above posted speed limits on average. Median of these 85th percentile
speed gaps of the slowest segment is around and above 0, meaning approximately half of these 85th percentile speed
observations are equal to corresponding speed limits.

perceived safe speed in traffic. SLIs further reveal sparse roadside development on E Skyline

Dr, explaining driver bias towards higher speeds. Near‑identical maps at 1% vs. 5% penetra-

tion mean agencies can run corridor‑level screening with the cheapest CVD data license tier

before investing resources to imagery audits for marked segments. It will be worthwhile to

investigate how probabilistic speed compliance Pexceed compare with Star Ratings collected

by iRAP protocols to improve their methodologies.

5.5 Discussions

This chapter demonstratedhowhigh‑frequency connected vehicle data (CVD)and street‑level

images (SLI) can be fused to produce statistically robust, infrastructure‑aware speed compli-

ancemetrics that feed directly into network-scale safety assessments. Wefirst reviewedCVD’s

capabilities and biases, then detailed a data processing pipeline that converts three‑second

telematics pings into link‑level speed profiles, while preserving its identifiers so that space

mean speeds be calculated as speed measure, single trajectory can be easily pieced back, and
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(a) 1% penetration rate (b) 5% penetration rate

Figure 5.11: Speed compliance heatmap presents estimated speed exceeding probability along the selected corridor by
simulating two CVD penetration rates: (a) 1% and (b) 5%. Several segments are identified by their persistent speeding
above the posted speed limits, e.g., E Skyline Dr. The similarity between results obtained from 1% penetration rate and
5% penetration rate indicates the former is sufficient for this analysis and thus a cost‐effective stream of input for network‐
level safety assessment.

simulation ismade easy for bootstrapping and downsampling analysis as records are keyed by

OSM links. Then theseCVDobservations andbootstrapped replicas join posted speed limits

extracted by a zero‑shot segmentation cascade, considering the probabilistic output of vision

models. A Bayesian layer propagated two key uncertainties, i.e., fleet‑penetration bias and

sign detection confidence, to produce posterior distributions for median, 85th percentile,

and “any‑exceedance’’ speed gaps. Experiments on PAG’s arterial network showed that (1)

corridor‑level hotspot rankings remain stable down to 1% fleet penetration, (2) the fastest

half of a Ina Rd segment exceeds its 45 mph limit by 6–8mphwith ≥80% credibility, and (3)

network‑wide exceedance probabilities alignwith self‑explaining road features visible in SLIs.

The resulting link‑level risk heat map integrates seamlessly with proactive safety assessments

protocols, providing agencies a cost‑effective, data‑driven basis for prioritizing speedmanage-

ment interventions. By working out this degenerate example of the general case–our speed

limit signs are static and do not include variable counterparts–we prove the soundness of the

proposed probabilistic framework. As crowd‑sourced SLI data streams become available and

ubiquitous in the future such as those adopted by Abdel‑Aty, Ugan, and Islam1, the same
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probabilistic framework can extend to far higher temporal cadences and geographic ranges,

transforming what is now a periodic audit into a near‑real‑time crowd-sourced monitoring

system.
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6
Concluding remarks

6.1 Summary and contributions

Road safety progress in the United States has stalled: annual fatalities remain above 40,000

despite decades of engineering advances, a plateau that exposes the limits of analyzing crashes

only after they happen. Because reactive studies based on police reportsmust wait for crashes

to accumulate, such research offers limited guidance on where to intervene before the next
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fatality occurs. The Safe System Approach flips that logic by proposing proactive analysis

and countermeasures: the International Road Assessment Programme (iRAP) materializes

about 50 variables in its Star Ratings protocol and scores every 100meter of roadway on how

effectively it accounts for inevitable human errors and their impacts. Within this framework,

Safe Roads, allowing for a forgiving physical environment, is recognized as the bedrock of

system safety, and thus accurate and robust perception of road environment elements is in-

dispensable. By identifying segments of high risks in advance, agencies can establish clear

safety metrics and implement cost-effective improvements before severe crashes would oth-

erwise reveal the danger. Yet iRAP’s rating workflow is still anchored to painstaking human

coding, covering only a few dozen kilometers per day per annotator and inevitably subject to

inconsistent qualities. Meanwhile, ubiquitous street-level imagery now captures the entire

road network at regular intervals, offering an accessible visual record of infrastructure pres-

ence and conditions. Recent vision foundationmodels, able to segment and describe objects

they are not trained on, open the door to automating road environment perception and thus

safety codings at scale with consistent quality. Nonetheless, several gaps still block adapt-

ing these vision foundation models for full automation: foundation models like Segment

Anything Model (SAM) yield class-agnostic masks that lack iRAP-specific labels, existing

prompt recipes are not tuned for the cluttered, “stuff”-heavy roadside scenes that dominate

safety assessments, and no off-the-shelf method yet injects the necessary infrastructure se-

mantics into zero-shot segmentation while preserving the models’ remarkable breadth and

precision. As a result, this dissertation comprehensively tackles the automation gaps from

three strategic vantage points: (1) prompt and prior knowledge design that injects iRAP se-

mantics into zero-shot segmentation, (2) customizationof these foundationmodels by fusing
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class-agnostic masks with targeted multi-modal guidance, and (3) workflow integration that

turns those advances into a scalable, tuning-free tool that can be applied to safety analysis.

The methodological innovations, empirical performance gains, and practical pathways for

agency adoption are discussed.

This dissertation pursues twomain objectives. First, it diagnoses the automation gaps that

limit iRAP, analyzing why current tools falter in both accuracy and scale when tasked with

recognizing road infrastructure elements from street-level imagery. Second, it advances a

unifiedmethodological solution: reformulating infrastructure recognition as a semantic seg-

mentation task and developing a scalable perception pipeline that infuses vision foundation

models with domain-aware prompts and priors, thereby embedding iRAP semantics while

preserving the models’ zero-shot generalization. Additionally, the dissertation demonstrates

the broader utility of the proposed approaches through complementary case studies: validat-

ing the visionpipeline as a stand-alone tool for automated codingof key infrastructure objects

required in rating protocols, and extending its reach by merging the vision-derived invento-

ries with external datasets to power richer, multi-modal safety analyses. By achieving these

goals, this dissertation lays solid progress towards fully automated, data-driven road safety

assessment, which will accelerate Safe System adoption, guide agencies toward proactive and

cost-effective countermeasures, and open new research pathways in foundation model adap-

tation, uncertainty-aware perception, and infrastructure-behavior fusion.

Chapter 2 performs a comprehensive survey of three intersecting areas of work: current

practices and attempts to automate iRAP Star Ratings, techniques for extracting infrastruc-

ture information from street-level imagery, and the evolution fromclassic deep learningmod-

els to recent open-vocabulary vision foundation models. The body of literature exposes a
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persistent gap: existing methods either return coarse bounding boxes, rely on narrow closed

vocabularies, or bypass interpretability by regressing safety scores end-to-end. None delivers

the pixel-accurate, adaptable segmentation required to capture cluttered, scale-varying road-

side assets, nor do current approaches produce outputs that map transparently onto iRAP

infrastructure variables. The review also pinpoints the Segment Anything Model (SAM)

as a most promising segmentation backbone due to its zero-shot, high-fidelity mask genera-

tion, and materializes the technical requirements that guide the rest of the dissertation: fine-

grained masks, generalization to unseen classes, and explicit semantic linkage to Star Rating

variables.

Chapter 3 introduces the an end-to-end framework that converts raw masks produced

in SAM’s “everything-mode” into segmentation maps containing critical infrastructure el-

ements. The method begins with a grid sampler that places sparse points across the image

and lets SAM carve out boundaries and produce class-agnostic object masks; it then injects

domain priors by pixel-wise uncertainty maps and class probabilities from a segmentation

network trained on domain datasets to vote for a label for eachmask. A correlation study be-

tween SAM coverage and prior reliability motivates an iterative sampler that targets only the

uncertain or uncovered regions in the first pass, lifting mask coverage for hard stuff classes

while adding minimal sub-linear compute. On Mapillary Vistas, the hybrid system boosts

evaluation metrics over domain baselines and closer to an oracle upper bound, demonstrat-

ing that crisp SAM boundaries and domain semantics can be fused without retraining. By

furnishing pixel-accurate, interpretable masks in a compute-efficient loop, SAM with grid-

based sampling and domain prior knowledge lays a practical basis for large-scale automated

road environment perception.
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Chapter 4 advances from the post-hoc labeling to prompt-driven inference by coupling

GroundingDINOwith SAM in amulti-modal cascade. Themotivation originates from two

limitations of the post-hoc voting strategy: persistent inferior coverage of “stuff” infrastruc-

ture classes and occasional, confidently wrong voting from the domain models. Engineered

text descriptions of each infrastructure class are first ingested by the language-vision detec-

tor, whose deformable-attention heads yield box and point prompts appropriately sampled

on the target object. These prompts steer SAM to generate class-specific masks during infer-

ence, eliminating the need for downstream voting and breaking the pipeline’s dependence on

potentially “confident-yet-wrong”domainmodels. Systematic analysis show that description

length, visual cues, and prompt type jointly influence performance; the best recipe lifts IoU

and coverage for historically under-segmented “stuff” classes, such as guard rail and sidewalk,

beyondboth theChapter 3 approach anddomain baselines. A real-world case study confirms

the efficacy of the proposal: the pipeline pinpoints street light fixtures with reasonable per-

formances without any task-specific retraining. By demonstrating that iRAP semantics can

be injected directly through multi-modal prompts, this chapter delivers an even more flexi-

ble, label-free route to high-fidelity infrastructure inventories and paves the way for voice- or

text-driven annotation tools.

Chapter 5 extends the vision pipeline into a safety analysis framework that couples its in-

frastructure inventories with large-scale connected vehicle data (CVD).While prior research

has paired imagery or geometry with speed traces, none hasmerged the uncertainties on both

sources into a single, coherent probabilistic framework: segmentation confidence on the per-

ception outcomes and sampling or penetration bias in the CVD observations. This chap-

ter fills that gap: posted speed signs detected via the Chapter 4 pipeline are linked to map-
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matchedvehicular speeds fromCVDinside aBayesianMonteCarlobootstrapping algorithm

that jointly propagates speed image-level speed limit detection, fleet sampling, and observa-

tion frequency uncertainties. Applied to selected study corridors, the system outputs link-

level posterior distributions for the speed compliance gap and the probability of systematic

over-speeding, producing riskmaps that pinpoint corridors where design and high operating

speeds coincide. By unifying static infrastructure perception with dynamic behavior under

an explicit uncertainty budget, this chapter showcases the broader analytical power unlocked

when infrastructure segmentation outputs arewoven into probabilistic, network-wide safety

assessments.

In summary, this dissertation demonstrates how vision foundation models can transform

road safety assessment froma slow,manual exercise into a scalable, zero-shot analytics pipeline.

By diagnosing the limits of current iRAP automation, reformulating infrastructure recogni-

tion as a semantic segmentation task, and crafting domain-aware prompts and priors for the

Segment Anything Model backbone, this work proposes a high-fidelity, scalable perception

pipeline that turns raw street-level imagery into richly labeled road environment layers. Case

studies confirm that these inventories can facilitate safety assessments as stand-alone inputs or

be fusedwith additional data sources to produce uncertainty-aware riskmaps, giving agencies

earlier and clearer signals for intervention. The results underscore the value of multi-modal

prompting, adaptive sampling, and probabilistic integration for robust road-environment

perception, and they chart a path toward next-generation Safe System tools that operate at

network scale.
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6.2 Future works

This dissertation lays a solid foundation of adapting vision foundation models to road en-

vironment perception serving road safety assessments. Several potential extensions can be

pursued. Firstly, more sophisticated task-specific changes of vision foundation models are

expected to produce better performances. Subsequent studies can explore structural adapta-

tions, e.g., lightweight task-specific decoders, cross-attentionblocks that ingest geometric pri-

ors, or self-distillation schemes, to let the backbone internalize features of road infrastructure

elements instead of injecting their semantics only at inference time. Selective fine-tuning on

curated infrastructure tiles or parameter-efficient techniques like LoRA78 and adapters have

proved useful in other fields and thus may further boost recall on minority classes without

eroding themodels’ valuable zero-shot capabilities. Secondly, because street-level imagery of-

fers only a localized, ground-level view, fusing it with high-resolution satellite or aerial images

could supply the plan-view geometry and elevation context that SLIs are short of, yielding

more complete road design variables such as curvature, intersection type, presence of pedes-

trian facilities, number of lanes. These heterogeneous sources of emerging transportation big

data promise the most efficient pathways for capturing complementary variables and, when

pieced together, will enable an automated, end-to-end iRAP assessment workflow. Thirdly,

it would be worthwhile to investigate how the probabilistic framework combining SLIs and

CVD (as well as their pipelines) can be linked to iRAP Star Ratings. Given its current de-

cision engines is not sufficiently evidence-based, such connection can potentially enhance

iRAP’s capacity to data-driven modeling and countermeasures.
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