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A. Related Works
Long-Tail Scenarios in Autonomous Driving. Driv-
ing datasets have evolved from KITTI [18] to more di-
verse collections like BDD100K [71], nuScenes [5], Mapil-
lary [50] and Cityscapes [13], incorporating advanced sen-
sor suites [7, 17, 59]. However, these datasets provide lim-
ited representation of long-tailed scenarios such as work
zones - for instance, nuScenes contains only 19 driven se-
quences with work zones [58] out of 1000 scenes. Com-
mercial self-driving vehicle deployments, while impressive
in common situations, also find it difficult to navigate work
zones, see Figure 1 for some failure examples collected
from social media.

Prior research on long-tailed driving scenarios has
largely focused on scene understanding. Datasets like
CODA [38] (with 1500 scenes containing long-tailed
objects), WildDash [72, 73] (with global weather and
lighting variations), SegmentMeIfYouCan [6], and BDD-
Anomaly [23] focus almost exclusively on recognition,
rather than holistically addressing perception and naviga-
tion in scenarios like work zones. Another well-studied
long-tailed scenario is driving in adverse weather. Despite
data collection challenges, specialized datasets exist for
fog [3, 56], night [55, 71], and snow [3, 4], although these
also primarily target recognition. Figure 2 illustrates why
recognition alone is insufficient for self-driving in work
zones.

Work zones are complex, dynamic environments requir-
ing multi-level understanding, yet they’ve received little at-
tention due to the challenges in data mining [40] and task
formulation [58]. To our best knowledge, no large-scale
public dataset has specifically addressed work zones before
our contribution. While the MMI Open Dataset [27] pro-
vides raw videos collected for road inspection, we develop
scenario taxonomies and annotated work zones to create the
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(a) Missed LEFT DETOUR Sign

(b) Missed Arrow Board/Doesn’t Change Planned Trajectory to Right

Figure 1. Examples of work zone failures in a commercial self-
driving vehicle. While obtaining detailed failure reports of self-
driving cars is infeasible, customers of these companies regularly
post failure cases on social media. (a) The car failed to recognize
and observe a sign that mentions “DETOUR” and has a left arrow
graphic (Link). (b) The car fails to recognize and observe the Ar-
row Board, then fails to analyze the situation and finally does not
change the predicted pathway in response (Link).

ROADWork Dataset.

Work Zones in Autonomous Driving. Prior research has
addressed isolated work zone edge cases. For example, [20]
recognize safety barriers using a laser scanner while [19]
attempt to determine which lane lines define a valid lane
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in work zones. Later works [49, 58] attempted to clas-
sify and localize work zones, while others updated HD
maps [48, 52] with additional work zone information. Con-
current work [31] has proposed segmenting construction ar-
eas in videos to detect continuous zones from a distance.
However, no prior work systematically categorizes work
zones, formulates tasks, or curates data for autonomous
driving in these environments.
Language and Navigation in Work Zones. Unseen sce-
narios, such as newly appearing work zones along a route,
pose a major challenge for autonomous driving. Work zones
are a classic example of navigation in open-ended driving
scenes, requiring a higher level of semantic generalization.
Linguistic representations can help generalization, enabling
introspective explanations [30] that improve action predic-
tions [70].

Recently, Vision-Language Models (VLMs) [43] (and
Large Language Models (LLMs)) have been increasingly
applied to scene understanding, demonstrating state-of-the-
art generalization and reasoning capabilities. Recent ef-
forts [35, 47, 60, 66] have leveraged these VLMs and LLMs
to redefine scene understanding and subsequently, motion
planning. Navigating work zones require both visuospatial
and linguistic abilities. To address this, we propose a work
zone description benchmark to aid global scene understand-
ing in workzones.

For navigation in work zones, we argue that long horizon
trajectory forecasting is essential, as traditional structural
cues like lanes may be unreliable. Prior works [21, 39, 46]
explored a related setting: long horizon human trajectory
forecasting. Inspired by this line of work, we propose a
new pathway prediction problem and baselines to address
tackle this challenge.

B. ROADWork Dataset Description

We describe specific information regarding annotations pro-
tocol, data cleaning and processing procedures and other
relevant details.

B.1. Image Acquisition

Visual data were acquired from cameras mounted inside
a vehicle while driving through 18 US cities, resulting in
9650 images from three sources: (a) images that we cap-
tured in Pittsburgh (b) images that were semi-automatically
extracted from the Michelin Mobility Intelligence (MMI)
Open Dataset (formerly RoadBotics) [27] (c) Images that
were discovered in Mapillary [50], BDD100K [71] and
other other data sources by our models trained on data from
the first two sources.
Main Data Sources. To collect the first data subset of
the main dataset, we drove on urban, suburban, and rural
roads in Pittsburgh and captured 2,338 (32%) images with

an iPhone 14 Pro Max paired with a Bluetooth remote trig-
ger. Next, images from other U.S. cities were sourced from
videos in the MMI Open Dataset. A combination of De-
tic [77] and a cone detector trained on NuScenes [5] were
used to mine frames presumed to contain roadwork zones
with detector confidence at 25% – ensuring high recall with
the expense of low precision. This process yielded approx-
imately 100000 candidate images. We then manually se-
lected 5078 (68%) images containing unique road objects
or roadwork zones, prioritizing individual scene diversity.
The distribution of images across U.S. cities is shown in
Figure 3.
Discovered Data Sources. In Section 3 of the main
manuscript, we described our model and the work zone
classification rule that we use to discover images. We dis-
covered work zone images from common driving datasets
(a) 558 images from Mappilary [50] and (b) 411 images
from BDD100K [71]. Additionally, we exploit other data
sources to curate 1265 images into various subsets contain-
ing work zones (See Figure 4 for examples). These subsets
were further manually filtered to remove redundant images.
We describe the subsets below,
• Vehicle-Pittsburgh Discovered Subset. We drove a ve-

hicle in Pittsburgh during various weather and lighting
conditions, collecting approximately 157 images with
work zones. This subset specifically includes examples
captured in rain, fog, snow, and at night.

• Vehicle-Rural Discovered Subset. We collected 308 im-
ages by driving on rural roads and highways across mul-
tiple U.S. states. This subset includes work zones on two-
lane roads, interstate highways, and in small towns, cap-
tured during both day and night conditions. This subset
was captured using a dashcam, and shows significant ra-
dial distortion.

• Bus-Pittsburgh Discovered Subset. We obtained 800
work zone images from a commuter bus that followed
a fixed route in Pittsburgh over the course of two years.
This includes 272 images from the front-facing camera
and 528 images from side-mounted cameras with unqiue
viewpoints, capturing work zones in all weather condi-
tions and times of day.

B.2. Annotations
Scene Tags. We labeled images with scene tags to capture
weather, time of day, travel alterations, road environment,
and whether the work zone is active (See Table 1). The
presence of roadwork objects in a scene does not necessarily
indicate an active work zone, e.g., a cone in a parking lot.
Work zones are labeled as active work zone, not active work
zone, or unsure. An active work zone includes roadwork as
well as any activity that could potentially impact vehicles
or pedestrians mobility. To qualify, objects must be located
on a road or sidewalk where a vehicle or pedestrian could



Figure 2.Recognition is Not Enough for Navigating Work Zones.Work zones are dynamic and rare occurrences, thus it is challenging
to navigate through them. Depicted is a work zone navigation sequence with sign text detected by Glass [54], work zone descriptions
generated by �ne-tuned LLaVA-1.5A [44] (incorrect description indicated in red) and car trajectory estimated via COLMAP [57]. Observe
that initially the worker is holding a “STOP” sign, but later switches to a “SLOW” sign as the truck passes, indicating that the road is open
for traversal by the ego-vehicle.This example shows mere object recognition is not enough for navigation; continuous �ne grained scene
observation and global scene analysis are both necessary.

travel. Approximately 80% images were labeled as active
work zones.
Scene Descriptions. The associated descriptions detail
key work zone elements, their locations, and relationships
within the scene. They specify the approximate locations of
work zones and objects on the road or sidewalk while also
conveying the relative positioning of objects in relation to
the work zone and other scene elements. To ensure con-
sistency, all descriptions were written by a single annotator
using a standardized vocabulary.
Object Annotations. We identi�ed 15 categories of objects
commonly found in work zones. These include objects that
de�ne temporary traf�c control pathways, such as cones and
tubular markers, fences, barriers, and drums. Additionally,
we annotated objects that help navigation, including tempo-
rary traf�c control (TTC) signs, TTC message boards and
arrow boards. We also annotated Workers, Work Vehicles,
Police of�cers and Police Vehicles, since they in�uence and
direct traf�c in work zones. See Table 1 for the full list of
annotated work zone objects.

The object annotation work�ow combined automatic and
manual labeling, followed by manual veri�cation. To re-
duce annotation effort, we used Detic [77] with a custom
vocabulary of “cone, drum, vehicle, traf�c sign” to boot-
strap annotations on our captured images. However, cat-
egory predictions from Detic [77] were discarded as due
to frequent classi�cation errors. Polygons were simpli�ed
using the Vishwalingam-Wyatt algorithm [62] to facilitate
editing. All object categories were manually assigned, and
any additional objects in these images, as well as objects
in all other images, were manually segmented and catego-
rized. Finally, all annotations were manually veri�ed by one

Object Categories Weather Alteration Time Env.

Cone Tubular Marker Partly Cloudy Fully Blocked Dark Urban
Fence Vertical Panel Sunny Lane Shift Light Suburban
Worker Work Equipment Unknown Partially Blckd. Twilight Highway
Work Vehicle Arrow Board Wet Other Unknown Rural
TTC Sign TTC Msg. Board Cloudy None Other Unknown
Drum Police Vehicle Fog or Mist Other
Barricade Police Of�cer Ice
Barrier Othr Rdwork Objs Other

Table 1.Work Zone Object Categories and Scene Level Tags.
The left side lists manually annotated object categories, while the
right side present scene-level tags that describe various work zone
properties.

person.

Fine-Grained Object Annotations. Objects that are par-
tially blocked by other objects or truncated were labeled
as “occluded”. A few object categories, including arrow
boards, TTC signs, and TTC message boards, have addi-
tional annotations. For example, arrow board states (“OFF”,
“LEFT”, “RIGHT”, “NONE”) is annotated (See Figure 3
for the distribution of arrow board states).

TTC sign and TTC message boards generally contain
both “text” and “graphics”. We also annotated graphic de-
scriptions (e.g. “LEFT ARROW”) and associated text for
each sign (e.g. “DETOUR AHEAD”). Additionally, text
or graphics were marked as “occluded” if the object is par-
tially occluded or truncated by the image boundary. Sign
text and graphic descriptions were parsed to identify com-
mon types of TTC signs (See Figure 3). The distribution
of TTC sign graphics and text follows a long-tailed pattern
(See Figure 3), with 62 and 360 different types annotated,
respectively.



Figure 3.ROADWork Dataset Statistics. (a) U.S. cities represented in the dataset, with geotagged images shown for Denver, Colorado.
(b) Number of dataset images for each city. (c) Distribution of weather conditions. (d) Distribution of road-network alterations for work
zones. (e) Arrow board conditions, where “None” indicates that the arrow board's LEDs are not visible. (f) Distribution of frequent
roadwork objects, which are of the order of thousands of total instances. (g) Distribution of uncommon roadwork objects which have a few
hundred instances. (h) Distribution of the most common TTC signs (both text and graphics), which have a few hundred instances each.
(i-j) Distribution of the top 25 observed TTC signs by graphics and text.



Figure 4. ROADWork: Additional In-The-Wild Discovered and Annotated Work Zone Images. Following the discovery process
described in Section 3 of the main manuscript, we discovered and annotated an additional 1265 work zones images from a variety of
sources apart from 969 images discovered in BDD100K [71] and Mapillary [50].(a) The top row depicts Vehicle-Pittsburgh subset images
we discovered from driving in Pittsburgh (around 157 images). The subset consists of work zone images taken in bad weather and night.
(b) The middle row depicts Vehicle-Rural subset images we driving on rural areas and highways in the US (308 images). The subset
consists of work zone images taken in both day and night.(c) The bottom row depicts images discovered from a Bus that was driven on a
�xed route in Pittsburgh. We discovered 272 images captured from the front camera, while 528 images were captured from other cameras
mounted on the bus. Images were captured in all conditions, including bad weather and night.

Semantic Segmentation.We manually segmented roads,
sidewalks, and a sparse sampling of bicycle lanes to provide
contextual localization for work zone objects.

B.3. Metric 3D Reconstruction and Pathway Gen­
eration from Smartphone Videos

Leveraging Smartphone-As-Dashcam Videos.Our work
utilizes the MMI Open Data Set [27], which contains ex-
tensive video footage captured from a Samsung Galaxy S9
smartphone, for which camera intrinsics are known. From
this dataset, we extract 30-second video snippets corre-
sponding to our annotated work zones. These snippets are
then downsampled to 5 FPS to yield the �nal set of smart-
phone images for our 3D reconstruction pipeline.
Leverging 3D Reconstruction As Anchor. Our primary
goal is to produce an accurate, metric-scale, and spatially-
aligned 3D reconstruction from the collection of smart-
phone videos, which have weakly-aligned GPS metadata.
With recent advances in Visual Place Recognition [1], it's

likely that the weakly-aligned GPS metadata might also be
super�uous in the future.

The core of our approach is to anchor our reconstruc-
tion to a set of images with high-quality pose informa-
tion [64, 65]. To achieve this, we use the initial, coarse GPS
from each video to query and retrieve nearby Google Street
View panoramas. We then generate multiple perspective
views from each panorama, following the systematic sam-
pling strategy described in [64]. These views, along with
the panoramas' accurate GPS and pose data from large-
scale SfM pipelines [33] that Google Street View is based
on, serve as the high-quality georeferencing anchor for our
3D reconstructions.

Feature Matching and SfM. To reconstruct from this het-
erogeneous set of smartphone and Street View images, we
must establish robust feature matches. As a brute-force all-
pairs matching approach is computationally infeasible, we
adopt a retrieval-based strategy. We �rst compute a global
descriptor for every image using EigenPlaces [2]. We then
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