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Abstract

This paper presents the largest known benchmark dataset for
road damage assessment and road alignment, and provides
18 baseline models trained on the CRASAR-U-DRIODs
dataset’s post-disaster small uncrewed aerial systems (SUAS)
imagery from 10 federally declared disasters, addressing
three challenges within prior post-disaster road damage as-
sessment datasets. While prior disaster road damage assess-
ment datasets exist, there is no current state of practice, as
prior public datasets have either been small-scale or reliant on
low-resolution imagery insufficient for detecting phenomena
of interest to emergency managers. Further, while machine
learning (ML) systems have been developed for this task pre-
viously, none are known to have been operationally validated.
These limitations are overcome in this work through the la-
beling of 657.25km of roads according to a 10-class labeling
schema, followed by training and deploying ML models dur-
ing the operational response to Hurricanes Debby and Helene
in 2024. Motivated by observed road line misalignment in
practice, 9,184 road line adjustments were provided for spa-
tial alignment of a priori road lines, as it was found that when
the 18 baseline models are deployed against real-world mis-
aligned road lines, model performance degraded on average
by 5.596% Macro loU. If spatial alignment is not considered,
approximately 8% (11km) of adverse conditions on road lines
will be labeled incorrectly, with approximately 9% (59km) of
road lines misaligned off the actual road. These dynamics are
gaps that should be addressed by the ML, CV, and robotics
communities to enable more effective and informed decision-
making during disasters.

Code — www.github.com/CRASAR/CRASAR-U-DROIDs-RDA
Data & Models — https://huggingface.co/CRASAR

Introduction

In response to a disaster, small uncrewed aerial systems
(sUAS), also known as drones, are deployed to capture aerial
imagery mapping impacted areas. This imagery is then as-
sessed to inform emergency managers of where damage is.
This information collected during the early stages of the re-
sponse phase can enable informed decisions, such as ap-
propriate allocation of aid, and effective navigation through
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Figure 1: Figure of labeled roads within the CRASAR-U-
DRIODs dataset. Road lines (Green) labeled as follows:
Total Flooding (Dark Blue), Partial Flooding (Light blue),
Total Obstruction (Purple), Partial Obstruction (Pink), To-
tal Destruction (Red), Partial Road Condition (Yellow), To-
tal Particulate (Dark Orange), Partial Particulate (Light Or-
ange), and Not Able to Determine (Black).

impacted areas (Hargis, Rao, and Choset 2024; Alam et al.
2025). However, efforts are often hindered by resource con-
straints and wireless connectivity (Manzini, Murphy, and
Merrick 2023; Manzini et al. 2023), arguing for Machine
Learning (ML) and Computer Vision (CV) to automate as-
sessments on hardware deployed within the disaster scene.

This work advances the state of the art in CV/ML for
sUAS post-disaster imagery by creating a labeled and spa-
tially aligned dataset and baseline models of damaged roads,
and operationally validates it with imagery collected by re-
sponders at Hurricanes Helene and Debby. Assessing road
conditions is important to disaster response efforts because
it enables informed decision-making concerning resource
allocation, routing, and navigation of aid and evacuation.
Despite its importance, prior CV/ML literature has over-
looked automating post-disaster road condition assessment.
Due to this, the field of CV/ML has not overcome three chal-
lenges in automating road damage assessments: limited di-
verse datasets ((Rahnemoonfar et al. 2021; Rahnemoonfar,
Chowdhury, and Murphy 2023; Jiang et al. 2024; Pi, Nath,



Damage Label Damage Label Description

Obviously clear, road lines clearly visible, and cars

Clear Road . .
may be actively driving on the road surface

: . Road partially covered by scattered debris,
Partial Obstruction K | .
obstructing vegetation, piled cars, RVs, and boats

Partial Flooding
Partial Road Condition

Standing water on road, road lines partially visible

Road partially crumbling, moderate asphalt cracking

Partial Particulate Road partially covc':red by ];?amcu@'tes (e.g. sand,
mud, lahar), road lines partially visible

Total coverage of the road by piles of debris,

Total Obstruction K X . .
vegetation, or vehicles preventing transit
. Large quantities of standing water on the road;
Total Flooding & 4q . ¢
road lines are not visible
Total Destruction Road absent or collapsed, substantial asphalt cracking
. Total coverage of the road by particulates (e.g. sand,
Total Particulate € . VP . c2
mud, lahar); road lines are not visible
Not Able To Determine | Unable to determine due to obscuration

Table 1: A simplified version of the 10 classes in the Road
Damage Assessment Schema. Green corresponds to the
“Road Line” class, orange corresponds to all the “Partial”
classes, red corresponds to the “Total” classes, and blue cor-
responds to the “Not Able To Determine” class.

and Behzadan 2020; Hénsch et al. 2022)), no operational
road damage assessment schema, and the lack of operational
validation of road damage assessment models. Furthermore,
this work reveals that road damage assessment via SUAS im-
agery is affected by non-uniform spatial misalignment of a
priori road lines, a fundamental problem prevalent within
sUAS imagery collected operationally (Manzini et al. 2024a,
2025). Such non-uniform misalignment is not seen in satel-
lite imagery, and an evaluation of 18 baseline models reveals
that if spatial alignment is not addressed, model performance
degrades by 1.9 Macro IoU for the top model.

This work offers five contributions to the ML, CV, remote
sensing, and emergency management communities.

1. The release of the largest known dataset, in terms of kilo-
meters of roads, for road damage assessment in SUAS
imagery, providing 657.25km of labeled roads.

. The release of the first dataset addressing spatial align-
ment errors with a priori road lines, providing 9,184 ad-
justment annotations for spatial alignment.

. The development of a practitioner-relevant schema for
road conditions in disaster imagery, with consultation
from federal and local agencies in the United States.

. The release of baseline models that can be used within
disaster response, evaluating and validating one baseline
model operationally with imagery collected in response
to Hurricanes Debby and Helene.

. The identification of two critical challenges for future
ML and CV efforts for road damage assessment concern-
ing spatial alignment and the distribution shifts present in
real-world road damage assessment aerial imagery data.

Related Work

The remote sensing, civil engineering, ML, and CV com-
munities have considered and developed datasets for road
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damage assessment and road condition schemas. However,
these datasets are limited to specific road conditions, spe-
cific disasters, small data scales, and do not consider spatial
misalignment errors with a priori road lines. Further, these
datasets all use schemas that do not align with or capture the
necessary road damage labels for disaster response, hinder-
ing the transfer of trained ML models to practice.

Disaster Datasets for Road Damage Assessment

Prior literature contains eight known efforts to automatically
assess road conditions using aerial imagery. These consist of
three datasets of SUAS aerial imagery (Rahnemoonfar et al.
2021; Rahnemoonfar, Chowdhury, and Murphy 2023; Jiang
et al. 2024), one dataset containing satellite aerial imagery
(Hénsch et al. 2022), and one dataset with both sUAS and
crewed aircraft imagery (Pi, Nath, and Behzadan 2020) with
labels for flooded areas corresponding to roads. The remain-
ing four efforts did not release data (Urabe and Saji 2007;
Korkmaz and Poyraz 2016; Yang et al. 2020; Takyi et al.
2025) but considered sUAS and satellite imagery. Unfortu-
nately, all lack practitioner-relevant labels, limiting use in
disaster response.

The three sUAS-centric datasets, FloodNet (Rahnemoon-
far et al. 2021) RescueNet (Rahnemoonfar, Chowdhury, and
Murphy 2023), and EarthquakeNet (Jiang et al. 2024), are
semantic segmentation datasets that provide road damage la-
bels for whether the roads were: “flooded” or “non-flooded”,
“road clear” or “road blocked”, and “no damage”, “minor
damage”, or “severe damage”, respectively. FloodNet pro-
vides labels for 31.58km of annotated road, consisting of
2.85km? and 28.12 gigapixels of imagery from Hurricane
Harvey. RescueNet provides labels for 41.05km of road,
consisting of 3.6km? and 53.93 gigapixels of imagery from
Hurricane Michael. EarthquakeNet provides labels for ap-
proximately 1.4 gigapixels of imagery of roads from the
2013 Lushan Earthquake in Sichuan, China.

The remaining five efforts use similar schemas, “flooded”
and “non-flooded” (Hénsch et al. 2022), “road blockage”
and “no road blockage” (Yang et al. 2020; Urabe and Saji
2007), “open,” “partially-open,” and “undamaged,” “slightly
damaged,” and “damaged” (Korkmaz and Poyraz 2016), and
“debris,” “flooded area,” and “car” (Pi, Nath, and Behzadan
2020) for specific disasters and road conditions. The most
diverse dataset among these is the Volan v.2018, with three
classes and imagery from hurricanes Harvey, Irma, Maria,
and Michael; it does not overcome the earlier limitations.

Dedicated Road Condition Schemas

The civil engineering literature has provided a standard-
ized schema, the “pavement condition index,” for analyz-
ing pavement condition, with four datasets (Majidifard et al.
2020; Sabouri et al. 2023; Ren et al. 2024; Yan and Zhang
2023) motivated to automate such analysis. The works in
this area focus primarily on measuring the health of the
pavement or estimating its lifespan; this is different from
this work, which focuses on assessing which roads could be
utilized immediately following a disaster.

More generally, the transportation disruption ontology
provided by (Corsar et al. 2015) provides a comprehensive
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Figure 2: Visuals of the 10 Labels within the Road Damage Assessment Schema.

ontology of events that could disrupt planned travel. While
this ontology does have entries that could be relevant to
this effort, such as “Storm Damage,” “Tornado,” and “For-
est Fire,” these entries do not describe the conditions that
are present on the road itself, nor do they describe visual
features, only transportation disruptions, limiting the trans-
lation of such a schema to aerial imagery.

Method

The method to address the three challenges, described ear-
lier, consists of the development of a practitioner-relevant
road damage schema for disaster aerial imagery, annotation
of the CRASAR-U-DRIODs (Manzini et al. 2024b) imagery
for road damage assessment, adjustment annotation for spa-
tial alignment errors with the use of a priori road lines, and
development of baseline models trained on this dataset.

Road Damage Assessment

The road damage labels within this dataset were based on a
schema developed with input from federal and state agencies
in the United States, applied to imagery from the CRASAR-
U-DRIODs dataset by a pool of 130 annotators, and re-
viewed through a two-stage process to reduce label noise.

Imagery The CRASAR-U-DROIDs was selected as the
source of all imagery for this effort (Manzini et al. 2024b).
The motivation for this was twofold. First, this dataset is
the largest known collection of sUAS orthomosaic imagery,
comprising 52 orthomosaics from 10 different federally de-
clared disasters, collected with resolutions ranging from
12.7cm/px to 1.93cm/px. Ideally, this diverse data would
enable performant and generalizable ML models. Second,
this dataset contained a substantial variety of road conditions
representative of real-world road conditions.

Schema Formulation The road damage assessment
schema was developed with input from the United States
Federal Emergency Management Agency (FEMA) and the
Texas Department of Transportation and consists of 10 dam-
age classes, visually shown in Figure 2. The purpose of this
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collaboration was to ensure that models derived from this
data could provide practitioner-relevant labels.

This schema contains 10 classes, eight of which are split
into two subcategories: “Partial” and “Total”. The labels of
“Road Line” and “Not Able To Determine” are individual
labels without subcategories. Otherwise, roads can be as-
signed to the “Partial” class for roads that are only par-
tially affected by an adverse condition or the “Total” class
for roads that are completely affected by an adverse condi-
tion. There are four categories of adverse conditions, which
can be either “Partial” or “Total,” and combined, totaling
the eight classes referenced above. These are “obstruction,”
“flooding,” “particulate,” and “road condition/destruction.”

Obstruction describes discrete physical objects on the
road’s surface. Flooding describes water on the road’s sur-
face. Particulate denotes small particles that could poten-
tially obscure conditions below them. Examples of partic-
ulates include beach sand, mud, or dirt. Lahar, while not a
particulate, was intentionally folded into this class. Finally,
road condition/destruction describes a condition of the road
surface itself, and is either “Road Condition” or “Destruc-
tion” depending on the “Partial” or “Total” subclass. With
“Partial Road Condition,” the road may still be usable but
has cracked or is crumbling away, whereas in “Total De-
struction,” the road has been destroyed and cannot be used.

Annotation The imagery within the CRASAR-U-
DRIODs dataset was tiled, overlaid with a priori road lines,
sourced from OpenStreetMap (OSM) (OpenStreetMap
contributors 2024), and annotated by a pool of 130 anno-
tators, within Labelbox(Labelbox 2024), according to the
schema discussed earlier, resulting in 656.094km of road
annotated. Each of the 52 orthomosaics within the dataset
was tiled at a resolution of 2048x2048 (45 orthomosaics)
and 8500x8500 (7 orthomosaics). While the pool of 130
annotators annotated the 2048x2048 tiles, the 8500x8500
tiles were annotated by the authors. A view of this process is
shown in Figure 3. Though the annotators were non-experts,
reviewers compensated for the lack of domain expertise.
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Figure 3: The visualized annotation workflow by which unlabeled imagery is labeled, reviewed, and processed.

Annotation to Road Corridor Processing The road con-
dition annotation polygons provided by the annotators were
often of inconsistent shape and, in some cases, did not corre-
spond to any road lines. To make these annotation polygons
more consistent and to align them with the road itself, the
intersection between all road lines and all annotation poly-
gons was computed. Then, new rectangular polygons were
generated based on these intersections such that they were
parallel with the road line and had a width of 7.2 meters, the
reported upper limit on the width of two lanes of rural or
urban road in the United States (Stein and Neuman 2007).
Examples of these rectangular polygons are shown in Fig-
ure 1. This intentional decision was to first standardize the
dimensions of the annotation polygon, so they corresponded
to the dimensions of roads rather than the dimensions that
annotators had drawn, and second, to have a dimension that
could provide a consistent region to account for reasonable
variations in spatial misalignment, discussed later on.

Review Following annotation, a two-stage review was
conducted: first, a review by individual reviewers, and sec-
ond, an orthomosaic review by a committee of reviewers.
During the individual review, each tile was inspected by
a single reviewer, and 1,710 tiles (9.7% of tiles) were re-
jected and re-annotated by annotators or corrected by the
reviewer. Following this, the annotations were overlaid on
orthomosaics and reviewed by a committee consisting of
three of the authors and one external reviewer, where spot-
check corrections were made. Reviewers collectively had
experience working operationally at major disasters, work-
ing as an emergency vehicle operator (EVOC/CEVO), a
SUAS data manager, and a SUAS pilot. Additionally, at the
discretion of the reviewers, missing road lines were man-
ually added and annotated. The spot-check corrections re-
sulted in 78.5km (12%) of road line labels being changed.
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Figure 4: Kilometers of each label in the presented dataset.
Note that the y-axis is on a log scale.

The manual addition of road lines, not sourced from OSM,
resulted in 1.156km (0.17%) of road lines being added. Fol-
lowing this review, the distribution of labels shown in Figure
4 remained. This two-stage review process was employed
to maximize consistency and minimize label noise, with the
goal of creating a worthwhile benchmark for future models.
An overview of this process can be found in Figure 3.

Spatial Alignment

During the curation of the road damage assessment labels,
spatial alignment errors with the a priori road lines were
observed, an example is shown in Figure 5. Approximately
59km (9%) of road lines were misaligned off the actual road,
and 11km (8%) had incorrect road damage assessment la-
bels, presenting the need to correct the errors to avoid im-
peding downstream ML models trained on this data, result-
ing in 9,184 road line adjustment annotations.



Figure 5: Example of a road line (colored in green) that is
unaligned with the source imagery. Red alignment vectors
show the transform necessary to align each vertex.

This work aligns road lines using the same vector field
formulation presented in (Manzini et al. 2024a), but dif-
fers by operating on individual road line vertices instead of
building polygons. While the CRASAR-U-DRIODs dataset
provides adjustment annotations for similar misalignment
with a priori building polygons, these were generated for
the building polygons, which were sourced from a differ-
ent spatial resource than the road lines. As a result, addi-
tional adjustments were manually collected and curated for
the road lines considered in this work, resulting in 9,184 to-
tal road line adjustments. As alignment of road lines acts on
vertices, the aligned road lines differ from the misaligned by
396 meters across all 657.25km of road lines (0.06%).

Annotation Format

The annotations are presented in the form of road lines and
annotation polygons. This is an intentional choice to enable
these annotations to be robust to future efforts to model and
thereby vary spatial alignment. In this format, road lines can
be annotated by computing the intersection of road lines
with the annotation polygons. This decouples road line an-
notations from variations in road line alignment, meaning
that ML models predicting road line labels can generate
ground truth labels independently of alignment logic.

Baseline Models

This work introduces eighteen baseline models, each of
which formulates road damage assessment as a segmenta-
tion task, as benchmarks for future investigations. These
eighteen are composed of nine baseline model architectures,
each trained and evaluated on the “Simple” and “Full” pre-
diction tasks, defined later. These nine architectures are as
follows: 1) A Random Baseline, 2) UNet without attention
(Ronneberger, Fischer, and Brox 2015), 3) UNet with atten-
tion (Oktay et al. 2018), 4) ResNet101 (He et al. 2016)+
PSPNet (Zhao et al. 2017), 5) ResNet101 (He et al. 2016)
+ DeepLabv3plus (Chen et al. 2018), 6) Vision Transformer
(Reed et al. 2023) + Segmenter (Strudel et al. 2021), 7) Vi-
sion Transformer (Reed et al. 2023) + Segmenter (Pretrained
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Vision Transformer)(Strudel et al. 2021), 8) Vision Trans-
former (Reed et al. 2023) + UperNet (Xiao et al. 2018),
9) Vision Transformer (Reed et al. 2023) + UperNet (Pre-
trained Vision Transformer) (Xiao et al. 2018).

The sixteen trainable baselines provide guidepost perfor-
mance for future efforts, and the random baseline provides a
reasonable lower bound. Road lines were masked by buffer-
ing all road lines by 40 pixels, forming a rectangular mask,
and all trained models utilized two strategies simultane-
ously for class imbalance mitigation: weighted sample pre-
sentation targeting uniform label propensity and CCE loss
weighted by observed inverse label propensity.

Evaluations

Two evaluations were conducted to establish a range of per-
formances that for future model development could refer-
ence and to validate model performance on real-world data.
This section introduces two labeling tasks associated with
this dataset. The first task, termed “Simple,” is a labeling
task where the model must label road lines in one of three
classes: no annotation, a “Partial” class label, or a “Total”
class label, which also includes the “Not able to Determine”
label. In the second task, termed “Full,” the model must label
the road line according to the exact ground truth label.

The first evaluation was to establish baseline performance
on this dataset using the two approaches that were described
earlier, concerning the labeling tasks “Simple” and “Full.
The second experiment was to establish the value of ad-
justments in this dataset. As discussed in the literature, mis-
alignment between imagery and preexisting spatial data can
result in performance degradations (Maiti, Oude Elberink,
and Vosselman 2022; Vargas-Muifioz et al. 2019). This ex-
periment aims to determine the scale of the gap that may
exist in this dataset, given the baselines. This section begins
with a discussion of evaluation metrics, followed by the de-
tails and results of each of the evaluations conducted.

Evaluation Metrics

Two metrics are used to evaluate the performance of these
ML baselines: Intersection over Union (IoU) and F1. IoU
was determined to most closely align with the expected use
cases of the model, while F1 is presented for additional con-
text. In this context, IoU represents the proportion of a la-
beled segment of road that corresponds to the label.

Computing IoU and F1 is confounded by the variable spa-
tial dimensions within CRASAR-U-DROIDs, with imagery
varying in resolution between 12.7cm/px and 1.77cm/px.
Ideally, any evaluation metric would be robust to these
changes so as not to be biased by imagery near the ex-
tremes of these spatial dimensions. To combat this, evalu-
ation takes place along this spatial dimension, rather than
the pixel dimension. To compute IoU, the value of the true
positive length of a road line label is its length in kilometers,
rather than pixels. This decision shifts the metrics into a di-
mension of greater value to practitioners compared to pixels.
This metric will be denoted as IoUy,,, and Fly,,.



Simple Full

Model Adjusted Unadjusted Adjusted Unadjusted

IoUpn, Flpy | 10Ugm  Flgy, | I0Ugy,,  Flgy, | 10U, Flg,
UNet with Attention (Oktay et al. 2018) 0.331 0.393 | 0.312 0.368 | 0.091 0.095| 0.092 0.096
UNet w/out Attention (Ronneberger, Fischer, and Brox 2015) 0.307 0.376 | 0279 0.342 | 0.091 0.095| 0.092 0.096
ResNet101 + DeepLabv3Plus [(He et al. 2016) + (Chen et al. 2018)] 0.165 0.264 | 0.143 0.234| 0.081 0.103 | 0.076 0.096
ResNet101 + PSPNet [(He et al. 2016) + (Zhao et al. 2017)] 0.283 0.388 | 0.269 0.370| 0.084 0.095| 0.083 0.095
ViT-L + Segmenter [(Reed et al. 2023) + (Strudel et al. 2021)] 0.039 0.074 | 0.033 0.064 | 0.091 0.095| 0.092 0.096
ViT-L (Pretrained) + Segmenter [(Reed et al. 2023) + (Strudel et al. 2021)] | 0.015 0.028 | 0.013 0.025| 0.091 0.095| 0.091 0.095
ViT-L + UperNet [(Reed et al. 2023) + (Xiao et al. 2018)] 0.211 0.309 | 0.200 0.296 | 0.087 0.099 | 0.087 0.099
ViT-L (Pretrained) + UperNet [(Reed et al. 2023) + (Xiao et al. 2018)] 0.209 0.313 | 0.185 0.284 | 0.087 0.098 | 0.087 0.098
Random Baseline 0.135 0.215| 0.135 0.215| 0.016 0.031| 0.016 0.031

Table 2: Model Performance for Baseline Models. Model architectures with an encoder and decoder architecture follow the
naming convention “Encoder + Decoder”. The macro IoUy,, and macro Fly,, are reported for adjusted and unadjusted con-
figurations. Bold values represent the maximum value per column. Underlined values represent metrics where any class in the
macro average is significantly different from the next highest-performing model based on a Hoefding Bound with p < 0.001.

Baseline Model Performance

All sixteen trainable baseline models were trained on the
road line labels from the CRASAR-U-DROIDs training set
orthomosaics and then tested, alongside the Random base-
line, on the road line labels from the CRASAR-U-DROIDs
test set orthomosaics. A complete breakdown of the macro
IoUy,,,, and Fl1y,,, metrics for each of the prediction tasks is
shown in Table 2, with more detailed metrics appearing in
the appendix. The model performance appears to degrade as
the number of prediction classes increases. Stratified mea-
sures of performance by both disaster and class are provided
in the “Data & Models” linked below the abstract.

Evaluation of Spatial Alignment

To measure the value that adjustments add quantitatively, the
same eight baseline models trained for the baseline evalu-
ation, described earlier, were evaluated on the test set but
without any alignment. Thus, road lines would be translated
out of their correct position and potentially over features in
the imagery that do not correspond to the road or its con-
ditions. The results of this evaluation are shown in Table
2. Comparing each line between the IoUyg,, adjusted and
IoUy,,,, unadjusted, on average, the model performance de-
grades by 0.014 units of IoUy,, for the “Simple” labeling
task and degrades by 0.0003 units of IoUy,, for the “Full”
labeling task. As for comparing each line between the Fly,,
adjusted and Fly,, unadjusted, the model performance de-
grades by 0.018 units of Fly,, for the “Simple” labeling task
and by 0.0004 units of Fly,,, for the “Full” labeling task.

Evaluation at Hurricanes Debby & Helene

In response to Hurricanes Debby and Helene, the Attention
UNet baseline, configured for the “Simple” task, was de-
ployed operationally in Florida to assess the effectiveness of
models in practice and to gather qualitative feedback from
practitioners in the field. Hurricane Debby was a Category
1 Hurricane that impacted Florida in August 2024 (NOAA
2024a). Hurricane Helene was a Category 4 Hurricane that
impacted Florida in September 2024 (NOAA 2024b). Dur-
ing the response to both Hurricanes, sSUAS were deployed to
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collect aerial imagery of the impacted areas, and the Atten-
tion UNet model was used to label imaged roads.

Samples from the model outputs are included in Figure 6
as part of a qualitative assessment. This figure shows four
images: two instances of fallen trees on roads that were cor-
rectly identified, one instance where misalignment results in
mislabeling, and one instance where a clear road is correctly
identified despite shadows and artifacts. This model pro-
cessed an approximately 3mi? orthomosaic in 5 minutes on
a desktop with an NVIDIA RTX4090, hardware that could
reasonably be fielded alongside sUAS teams. Model outputs
were converted to KML files for dissemination in practice.

In conversations with disaster practitioners following
these deployments, two important findings were made. First,
false positives were far more tolerable in practice than false
negatives, as practitioners immediately inspected indications
of damage, but largely ignored labels for clear roads. This
was because practitioners wanted to verify if labeled roads
would actually be a problem for their vehicles or route, while
the large prevalence of labeled clear roads led to that label
being largely ignored. Second, it was found that there was no
singular value for model performance that would be deemed
acceptable in practice. Instead, the value of the model’s pre-
dictions was time-dependent, with practitioners tolerating
more errors if model outputs were delivered earlier. It was
determined that the Attention UNet model for the “Simple”
task was able to provide operational value in the early stages
of disasters when information is especially limited, provid-
ing strong evidence of generalization, though practitioners
consistently stated they would have preferred a full schema.

Discussion

A discussion of the above evaluations must be conducted to
better characterize the models’ performances and to high-
light spatial alignment’s impact on model performance.

Baseline Model Performance

The low absolute performance of the trainable baseline mod-
els warrants further discussion, as it currently limits appli-
cability. While the Attention UNet model and other base-
lines outperform the random baseline across every pre-
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Figure 6: Sample outputs from the Attention UNet on sUAS data collected during the response to Hurricanes Debby (left)
and Helene (right) in Florida. Top left: An instance where the model mislabels a road due to an alignment error. Top Right:
An instance where a fallen tree blocks and obscures the road, and the model identifies obstructions. Bottom Left: An instance
where the model identifies trees that have fallen onto the road. Bottom Right: a clear road that the model correctly identifies.

diction task, performance remains low compared to prior
work (Rahnemoonfar, Chowdhury, and Murphy 2023; Rah-
nemoonfar et al. 2021). While the target function may in-
deed be noisy, the two-stage review process was used to mit-
igate this concern. Though it is reasonable to assume that
some amount of label noise exists, it is believed that this
contribution is minimal. Instead, the framing of this problem
as a segmentation task may be a culprit, as many instances
of the labels (e.g., partial obstruction, partial road condition)
feature pixels that would otherwise correspond to clear roads
and thus require reliance on a small number of pixels for cor-
rect classification. With high-resolution imagery, this means
that models require large receptive fields to provide correct
labels. As a result, it is believed that this work represents a
rich space for exploring vision models’ capabilities in utiliz-
ing large contexts and receptive fields.

Relevance of Class Imbalance

One of the challenges in this dataset is class imbalance, as
shown in Figure 4. Given that CRASAR-U-DROIDs sources
imagery from real-world disasters and operations, it is un-
surprising that this dataset has such class imbalances. With
this in mind, this dataset is representative of the types and di-
versity of data expected in real-world operations, as imagery
is sourced directly from that distribution.

Importance of Spatial Alignment

Two of the evaluations conducted show a clear need for fu-
ture efforts to focus on alignment. First and most clearly,
the decrease shown between the baseline models when run
on aligned and unaligned data is explicit quantitative evi-
dence that model performance degrades when alignment is
not managed. Second, however, is the qualitative evidence
shown from the model deployment on imagery collected
from Hurricane Debby. The top left image in Figure 6 shows
unambiguously the model labeling an otherwise clear road
incorrectly because the road line is not correctly aligned with
the road. Additionally, an analysis of the dataset indicates
that when adjustments are not applied, then 9% of all roads
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(59km) fall outside of the 7.2 meter nominal width of two
lanes of road (Stein and Neuman 2007), and 8% (11km) of
adverse road conditions would be labeled incorrectly as they
fall outside of this same 7.2 meter bound. Operationally,
should ML systems be deployed without oversight, spatial
misalignment may reduce route efficiency or cause spuri-
ous repair dispatches due to misalignment-driven false pos-
itives. Further, practitioners distrusted model outputs when
road lines were not coincident with imagery. Therefore, ML
models must manage spatial misalignment to effectively as-
sess adverse conditions on predefined road lines in practice.

Conclusion

This paper addressed three challenges in the development
of CV/ML systems for road damage assessment with post-
disaster sUAS imagery, providing the infrastructure to facil-
itate the further development of CV/ML systems to support
decision-making during disaster response. A practitioner-
relevant road damage assessment schema was developed
with consultation of federal and state agencies to align with
operational needs. From which the largest collection of road
damage assessment labels dataset was released, along with
baseline models trained on this dataset. Finally, a qualita-
tive analysis operationally validates one baseline model in
response to Hurricanes Debby and Helene and finds that
practitioners tolerate false positives for earlier road dam-
age assessment, providing insight into the evaluation of such
a model for operational value. Future work will focus on
first, collecting additional data, potentially including non-
disaster imagery, to improve the performance of the pre-
sented models; second, conducting analyses of the baseline
models and experimenting to improve model performance
and explore performance degradations on the “Full” formu-
lation; third, and finally, evaluating the ethical implications
of both false negatives and false positives on disaster oper-
ations. This work is expected to enable the development of
operationally valid CV/ML systems for disaster response,
pushing the CV/ML communities to deliver systems that
will support decision-making during disaster response.



Ethical Statement

All imagery in this work has been affirmatively released by
the agencies having jurisdiction; it was collected in accor-
dance with the appropriate FAA regulations and guidance,
and it was collected at the direction of agencies having juris-
diction. In conjunction with this release, the agencies having
jurisdiction screened all imagery and withheld imagery that
they did not want to be released publicly.

All imagery considered in this work was collected at the
direction of agencies having jurisdiction, and thus, it cap-
tures the operational distribution of data. As a result, this
work was scoped such that commentary on the nature of data
collection and commentary on how practitioners direct data
collection, as it relates to potential over- or undersampling
of specific geographies and socioeconomic statuses, is out
of scope for this work. When deploying ML systems with-
out human oversight, such analyses are crucial to ensure that
models do not exacerbate biases that they have learned. Fu-
ture work to measure and mitigate biases learned by models
trained on this data and based on the operational distribu-
tion of data will be critical to ensure models can operate
with minimal technical oversight in the future. At the time
of writing, the specific ethical implications of false positives
and false negatives are currently being explored in an effort
to mitigate potential negative consequences created by these
models and labels.

Readers are strongly discouraged from deploying these
models in disaster operations without coordination with the
authors of this work. As discussed in this work, these models
have limitations and faults, and direct introduction of these
models, without trained human oversight, risks the unmiti-
gated introduction of model biases in operational environ-
ments. Should readers wish to utilize these models in prac-
tice, please contact the authors directly to discuss the de-
ployment considerations in detail.
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