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Abstract

Rapid and accurate building damage assessment is essential for effective post-disaster
response, yet the development of reliable artificial intelligence (AI) models remains con-
strained by the limited availability of high-quality, operationally relevant benchmark
datasets. To address this gap, this paper presents AFTERMAP (Aerial FEMA-Aligned
Targeted Extraction and Reconstruction Mapping for Post-Disaster Building Damage), a
benchmark UAV imagery dataset for instance segmentation of post-disaster building dam-
age. The dataset contains 1926 high-resolution UAV images with pixel-level annotations for
five building damage categories, following FEMA Preliminary Damage Assessment (PDA)
guidelines where applicable: Destroyed, Major Damage, Minor Damage, Tarp, and No
Damage. Using AFTERMAP, we benchmarked recent YOLO-based instance segmentation
models and evaluated their performance using mAP50 and mAP50-95. Among the evalu-
ated models, YOLO26-L achieved the best performance, obtaining a test mAP50 of 0.600 and
outperforming both Mask R-CNN (0.524) and Mask2Former (0.368) in cross-architecture
comparisons. Model generalization was further demonstrated through an independent case
study using UAV imagery collected after the 2025 Somerset-London tornado in Kentucky,
where the trained model successfully identified building-level damage patterns under
real-world field conditions. The results demonstrate that AFTERMAP provides a chal-
lenging and realistic benchmark for UAV-based post-disaster building damage assessment.
By combining FEMA-aligned annotations with high-resolution UAV imagery, the dataset
establishes a standardized resource for developing and evaluating instance segmentation
models that can support rapid post-disaster damage assessment and emergency response.

Keywords: UAV imagery; post-disaster damage assessment; instance segmentation; FEMA
Preliminary Damage Assessment (PDA); building damage dataset

1. Introduction

Natural hazards such as hurricanes and tornadoes become disasters when they inter-
sect with exposed and vulnerable communities, resulting in significant human, physical,
and economic consequences. When the broader impacts on health, education, livelihoods,
ecosystems, and supply chains are also taken into account, the total global economic burden
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of disasters rises sharply to nearly USD 2.3 trillion per year [1]. Within this global context,
the United States represents a striking example of the escalating consequences of natural
hazards. The country has incurred an enormous financial burden, with cumulative disaster-
related costs exceeding USD 2 trillion between 1980 and 2021. Beyond the economic toll,
these events have also resulted in significant human losses, with 15,347 fatalities recorded
over the same period [2]. These impacts highlight not only the increasing frequency and
intensity of natural hazards but also the growing vulnerability of communities and in-
frastructure. With the rise of frequency and intensity of such events, a growing burden
on emergency management agencies who are responsible for rapid and accurate damage
characterization are also growing.

Although advances in satellite technology have made it increasingly conceivable to
predict the trajectory and timing of natural disasters, accurately estimating how many
buildings or structures within a community may ultimately be affected remains a significant
challenge. Therefore, preparing for post-disaster rescue operations is also an important
and essential part of any disaster management process, especially for wind-based disasters,
as the intensity of such events may increase or decrease at the very last moment before
they hit a community. Given this uncertainty, together with constraints such as personnel
shortages and variability in the expertise of first responders in post-disaster environments,
the integration of advanced technologies to support and streamline response operations
has become increasingly important. While the first responders follow certain protocols
and guidelines during the post disaster situation, one of the common methods is following
the Preliminary Damage Assessment (PDA) guidelines which is an important part of the
U.S. federal disaster response framework [3]. The PDA guideline is a structured process
defined by the Federal Emergency Management Agency (FEMA) that determines the
scale of infrastructure damage, informs Presidential disaster declaration requests, and
guides the allocation of recovery resources [4]. The PDA categorizes manufactured and
conventionally built residential structures into five primary damage states: Affected, Minor,
Major, Destroyed, and Inaccessible, all of which are operationally significant for emergency
management personnel.

Traditional PDA methods involve door-to-door or windshield surveys conducted by
trained assessors, a process that is inherently slow, personnel-intensive, and potentially
dangerous when access to affected areas is restricted by debris, flooding, or structural
instability. The 2017 Atlantic hurricane season, which comprised Hurricanes Harvey, Irma,
and Maria, collectively caused approximately USD 265 billion in damage and produced
thousands of damaged housing units across Texas, Florida, and Puerto Rico, overwhelming
the capacity of conventional assessment workflows and underscoring the urgent need
for scalable, automated damage mapping tools [2,5]. Given the critical 72 h post-disaster
response window and the inherent uncertainty regarding the extent of the affected area,
the number of buildings impacted, and the nature of the resulting damage, the need for
efficient post-disaster assessment remains critical [6].

Nowadays, emergency management personnel and first responders are adopting the
latest technologies, such as small Unmanned Aerial Vehicles (UAVs), which have emerged as
a transformative tool for post-disaster reconnaissance by offering low-altitude, high-resolution
imagery that captures fine-grained structural detail inaccessible from satellite platforms [7].
Unlike spaceborne imagery, UAV imagery achieves sub-decimeter ground sampling distances
(GSD), allowing inspectors and algorithms alike to observe roof integrity, wall collapse, debris
scattering, and the installation of emergency roof tarpaulins, all features directly relevant
to PDA classification. However, to automate the understanding of damage levels from
UAYV footage, researchers are adopting various techniques and algorithms to improve and
automate damage assessment from UAV images. Thus, the integration of deep learning-based
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instance segmentation with UAV imagery presents a compelling pathway to automate damage
mapping at scale. Consequently, there is a need for a proper dataset to further train deep
learning algorithms and improve efficiency in the field.

Despite this promise, a critical gap remains in the field. Many existing disaster datasets
are limited to satellite-scale resolution, which restricts their ability to capture fine-grained,
building-level damage. In addition, a substantial number of these datasets do not provide
pixel-level annotations necessary for detailed segmentation tasks. Also, some available
datasets adopt damage taxonomies that do not align with operationally recognized frame-
works, such as FEMA's Preliminary Damage Assessment (PDA) damage levels.

To address this challenge, we introduce AFTERMAP, a novel FEMA-aligned UAV
image dataset specifically engineered to bridge the gap between computer vision research
and operational disaster response practice. The main contributions of this research are:

First, we developed a comprehensive dataset comprising 1926 high-resolution post-
disaster UAV images collected from multiple wind-induced disaster events across the
United States. The dataset captures a diverse range of damaged intensities and geographic
locations, enhancing its representativeness and facilitating its broad applicability for re-
search and practical implementation.

Secondly, we provide pixel-wise instance annotations spanning five classes: three
FEMA PDA-aligned building damage levels (Minor Damage, Major Damage, Destroyed),
along with Tarp and No Damage classes.

Thirdly, we present a comprehensive performance evaluation of YOLO (You Only
Look Once) segmentation architectures for post-disaster damage assessment.

Finally, we establish a structured data collection and annotation protocol designed with
FEMA PDA criteria as the guiding taxonomy, ensuring that model outputs are structured
according to operationally recognized damage categories and can support integration with
existing emergency management workflows.

The research is organized as follows: Section 2 reviews related work on disaster dataset
construction and instance segmentation for damage assessment. Section 3 describes the AF-
TERMAP dataset, including data collection, annotation methodology, and class distribution.
Section 4 presents the experimental framework and results of baseline segmentation mod-
els. Section 5 discusses findings, limitations, and directions for future research. Section 6
concludes the paper.

2. Literature Review
2.1. Datasets for Post-Disaster Building Damage Assessments

The development of data-driven disaster response tools is fundamentally constrained
by the availability of high-quality, labeled imagery. Early remote-sensing efforts relied
heavily on publicly available satellite imagery and CNN-based change detection to identify
disaster-affected areas, often using pre and post-disaster imagery to detect changes in
man-made features such as roads and buildings rather than detailed multi-class damage
labels [8]. A landmark contribution to the field was the xBD dataset [9], which contains
850,736 building annotations across 45,362 km? of satellite imagery, spanning 15 disaster
types and four distinct damage levels: No Damage, Minor Damage, Major Damage, and
Destroyed. The accompanying xView?2 challenge catalyzed substantial algorithmic inno-
vation, yielding a range of deep learning approaches for joint building localization and
damage classification [10,11].

For UAV-based assessment, RescueNet [12] represents a seminal benchmark. Com-
prising post-disaster images from Hurricane Michael collected by UAVs across multiple
impacted regions, RescueNet provides pixel-level annotations for a comprehensive set of
scene classes, enabling full-scene understanding rather than building-only analysis. Experi-
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ments on the RescueNet dataset showed that SegFormer achieved a mean Intersection over
Union (mloU) of 96%, substantially outperforming conventional CNN-based segmentation
models such as U-Net, SegNet, PSPNet, and DeepLabV3+ in quantitative evaluations [13].
The FloodNet dataset [14] similarly provides high-resolution UAV imagery annotated
for flood inundation and structural damage assessment, with real-time segmentation
benchmarks establishing that SegFormer achieves superior accuracy, while lightweight
encoder—decoder architectures offer competitive performance under computational con-
straints [15]. Other notable datasets include LADI v2 [16], a multi-label low-altitude disaster
imagery dataset collected by the Civil Air Patrol, and the 3DAeroRelief dataset [17], which
extends UAV-based damage assessment into 3D point cloud semantics using Structure-
from-Motion reconstruction. However, none of these resources directly address FEMA
PDA taxonomy or the operational workflows of first responders, creating a persistent gap
between research benchmarks and field practice. Singh et al. presented a semi-supervised
PDA framework that leverages ultra-high-resolution aerial imagery and transformer-based
models for building-level damage prediction [18]. Their study emphasizes that automated
PDA tools must achieve performance comparable to human assessments before they can
be adopted in practice. Building on this line of research, AFTERMAP directly contributes
to this emerging research area by providing a standardized pixel-level training resource
aligned with FEMA’s PDA taxonomy:.

2.2. Segmentation Architectures

Image segmentation for post-disaster damage assessment encompasses two distinct
paradigms: semantic segmentation, which assigns a class label to each pixel without differ-
entiating between individual object instances, and instance segmentation, which generates a
separate mask for each detected object instance. Early breakthroughs in semantic segmenta-
tion were driven by Fully Convolutional Networks (FCNs), which introduced an end-to-end
framework for dense, pixel-wise prediction by replacing fully connected layers with convo-
lutional operations [19]. Building upon this foundation, subsequent architectures adopted
encoder—decoder designs to better recover spatial resolution through learned upsampling
mechanisms, improving segmentation accuracy in complex scenes. Among these, U-Net,
originally proposed for biomedical image segmentation, introduces skip connections between
corresponding encoder and decoder layers, enabling the preservation of fine-grained spatial
details and improved boundary localization [20]. This architecture has since been widely
adopted across domains, including remote sensing and aerial imagery analysis [21-23].

Building on these foundational encoder-decoder frameworks, later research increas-
ingly focused on improving multi-scale contextual representation and feature aggregation
to better capture the complexity of real-world scenes. PSPNet addressed this challenge
by introducing Pyramid Pooling Modules, which aggregate global contextual information
at multiple spatial scales, making it particularly effective for large-area imagery where
semantic information is distributed across wide receptive fields [24,25]. DeepLabV3+ [26]
further advanced this direction by combining Atrous Spatial Pyramid Pooling (ASPP) with
an encoder—decoder architecture, enabling the extraction of multi-scale contextual features
while simultaneously improving boundary localization. Evaluated on benchmark datasets
such as Cityscapes and PASCAL VOC 2012, DeepLabV3+ achieved mean Intersection-over-
Union (mIoU) scores of 82.1% and 89.0%, respectively, establishing a strong baseline for
general-purpose semantic segmentation.

More recently, the introduction of vision Transformers (ViTs) has opened a new
paradigm for semantic segmentation by enabling the modeling of long-range dependencies
and global context. SegFormer represents a notable advancement in this direction, em-
ploying a hierarchically structured Transformer encoder to generate multi-scale features
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without relying on positional encoding, coupled with a lightweight multilayer perceptron
(MLP) decoder [27]. This architecture demonstrates strong performance across multiple
model scales (SegFormer-B0 to B5) and exhibits robustness to domain shifts. In disaster
assessment applications, SegFormer has shown superior performance compared to convo-
lutional neural network (CNN)-based counterparts; for instance, Asad et al. reported an
mloU of 82.22% on the FloodNet dataset, compared to 75.4% achieved by DeepLabV3+ [13].
While semantic segmentation architectures can provide strong pixel-level classification
performance, the standard semantic segmentation formulation does not explicitly sepa-
rate individual building instances within the same damage class. This is a limitation for
fine-grained, per-structure FEMA PDA-aligned assessment in densely built post-disaster
environments, where adjacent buildings may share similar damage labels but must be
evaluated as separate structures.

Instance segmentation directly addresses this limitation by generating per-instance
masks alongside class predictions. Approaches such as Mask R-CNN and its improved
variants have been explored to address scenarios where multiple objects and damage levels
coexist within a single image. These methods enable the detection and segmentation of
individual buildings, making them particularly suitable for densely built environments
where distinguishing between different damage states at the object level is critical [28].
Mask R-CNN established a foundational two-stage instance segmentation paradigm by
extending Faster R-CNN with a parallel mask prediction branch for instance-level object
segmentation [29]. In building damage assessment, Zhan et al. modified Mask R-CNN
using an improved feature pyramid network, online hard example mining, and multi-
class non-maximum suppression to extract residential buildings and estimate damage
levels from post-earthquake aerial imagery of the 2016 Kumamoto earthquake [30]. Their
model achieved approximately 95% accuracy for building extraction, over 92% accuracy
for severely damaged building detection, and approximately 88% overall classification
accuracy across four damage classes, demonstrating the suitability of instance segmentation
for per-building damage assessment. Zou et al. proposed an improved YOLOv5s-Seg
instance segmentation model for rapid assessment of earthquake-damaged buildings from
UAV imagery by incorporating a Mixed Local Channel Attention (MLCA) mechanism
in the backbone and modifying the neck component to improve small-object segmenta-
tion [28]. Their modified model improved mAPy and mAPg’eog by 1.07 and 1.11 percentage
points, respectively, relative to the original YOLOv5s-Seg model, while demonstrating a
favorable accuracy—efficiency trade-off compared with other instance segmentation base-
lines, including Mask R-CNN and YOLO-family segmentation models. Recently, Gu et al.
proposed UEBNet, a compact instance segmentation architecture for post-earthquake UAV
imagery that integrates a Depthwise Separable Convolutional Block Attention Module
(DSCBAM), a Multi-feature Fusion Module (MFT), and an Adaptive Multi-Scale Interaction
Module (AMSI) to improve segmentation of irregular and multi-scale damaged building
contours [31]. Their results showed improvements of 3.09 percentage points in mAP*®$ and
2.20 percentage points in mAP?*, demonstrating the continued development of instance
segmentation architectures for fine-grained post-earthquake building assessment. These de-
velopments collectively demonstrate that instance segmentation is the preferred paradigm
for fine-grained, per-structure damage classification from UAV imagery, the precise task
addressed by AFTERMAP.

2.3. Transfer Learning and Domain Generalization

A persistent challenge in disaster assessment is domain shift, where models trained
on one disaster type or geographic region may struggle to generalize to unseen events.
For instance, models trained on the xBD dataset have been shown to exhibit performance
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degradation in out-of-distribution scenarios, although the extent of this limitation remains
dependent on data quality and evaluation conditions [32]. Approaches to mitigate this
include self-supervised pre-training, which was explored by Xia et al. [33]. Their method
learns transferable features from unlabeled pre- and post-disaster imagery which reduces
the need for manual labels. It also improves performance when labeled data are limited.
In their experiments, the method achieved a damage F1-score of 0.390 with only 1% la-
beled data and 0.636 with 20% labeled data. However, beyond these approaches, our
FEMA-aligned taxonomy adopted in this research provides a principled basis for improv-
ing generalization by standardizing labels across geographically and temporally diverse
disaster events.

3. AFTERMAP Dataset
3.1. Motivation

The pivotal design principle of AFTERMAP is operational alignment, meaning that
every annotation decision follows the FEMA Preliminary Damage Assessment Guide,
which is used as the standard for damage categorization during post disaster condition
assessment. This alignment ensures that a model trained on AFTERMAP can produce
outputs structured according to FEMA PDA damage categories, without requiring post
hoc translation between research-oriented and operationally recognized damage categories.
Table 1 provides a detailed description of the damage categories according to the FEMA
PDA guidelines.

Table 1. FEMA PDA Damage Classification.

Category Description
Affected Minimal or cosmetic damage; essential living spaces and mechanical components are not damaged.
Minor Repairable, non-structural damage; structure may require minimal repairs but remains structurally sound.
Major Significant structural dama.ge or seFious damage requiring
extensive repairs.
Destroyed Total loss; structure is not safe to occupy, repair is not feasible, or demolition/replacement is required.
Inaccessible Structure cannot be assessed because access is blocked by disaster-related conditions such as debris,

flooding, damaged roads, or bridges.

In our dataset, we annotated the damaged structures as Minor, Major, Destroyed.
The Inaccessible and Affected categories were excluded from the annotation taxonomy.
Because Inaccessible depends on access-related and contextual conditions beyond visible
structural damage, making it difficult to annotate reliably from UAV imagery alone. The
Affected category was also excluded because its visual indicators are often minimal and
difficult to distinguish from Minor Damage, particularly when assessment is limited to
a single nadir-view UAV image. Along with these three categories, we extend this core
taxonomy with additional No Damage category as well as Tarp (blue or white emergency
tarps indicating active repair or roof protection). The tarp class is particularly valuable
operationally, as its presence on a structure indicates a post-disaster intervention stage
that affects eligibility for certain FEMA recovery programs. Figure 1 provides the visual
examples of the damaged structures in our AFTERMAP dataset.

The specific methodological innovations of AFTERMAP relative to prior disaster
imaging datasets are threefold. First, the data collection workflow leverages publicly avail-
able UAV video footage from online platforms, enabling rapid and scalable post-disaster
imagery acquisition without requiring dedicated field missions or institutional access to
restricted aerial surveys. This approach substantially reduces the time and cost barrier to
large-scale disaster dataset construction. Second, the annotation protocol uniquely opera-
tionalizes the FEMA Preliminary Damage Assessment (PDA) taxonomy at the pixel-level
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instance segmentation granularity, translating an established field inspection framework
into a computer vision labeling schema and providing civil engineering-grounded interpre-
tation to each damage class that is absent from all prior UAV disaster datasets. Third, the
damage-level definitions extend the three FEMA PDA-aligned damage classes adopted in
this study (Destroyed, Major Damage, and Minor Damage) with two operationally relevant
additions: the Tarp class, which captures the presence of protective roof tarpaulin as a
proxy indicator of confirmed structural breach and active homeowner mitigation, provid-
ing actionable evidence for post-disaster recovery prioritization and FEMA Individual
Assistance program eligibility assessment; and the No Damage class, which enables the
model to explicitly discriminate structurally intact buildings from damaged neighboring
structures within mixed-condition aerial scenes, reducing false positive damage detections
in operational deployment contexts.

AFTERMAP Annotation Class

¢ Only the foundation remains.
¢ Complete failure of two or more
major structural components.
® The residence is in imminent
danger from hazards such as
landslides, mudslides, or sinkholes.

Failure or partial failure of
structural roof elements over
essential living spaces.

Failure or partial failure of
structural wall elements,
including framing.

Foundation failure, including
crumbling, bulging, collapse,
horizontal cracking, or shifting.

® Nonstructural damage to roof, |fy

FEMA PDA Aligned Class
[Major Damage | | | IEEHGyeaN

@ . . . |
on interior ~ walls, and exterior |
g components.
< | ®* Minor foundation cracks or
o chimney damage, including tilting, ||
‘o" cracking, or separation.
£ |* Damage to mechanical systems or
2 contamination of private well and
L septic systems.
&b
<
g ® No visible damage
(=]
4

® Emergency roof tarpaulin
present

Additional AFTERMAP Class

Figure 1. Representative visual examples of different levels of damaged structures in the AFTERMAP
dataset based on FEMA PDA guidelines [3].
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3.2. Data Collection

The AFTERMAP dataset was constructed from publicly available UAV footage of
post-disaster environments sourced from online video platforms such as YouTube and
online news portals. Following major disaster events, primarily hurricanes and tornadoes
in the continental United States, a substantial volume of UAV video footage is uploaded by
news organizations, emergency responders, local government agencies, citizen journalists,
and affected residents to publicly accessible online platforms. This publicly shared footage
constitutes a valuable and largely untapped data source for disaster assessment research
for several reasons. Firstly, it is collected close in time to the disaster event. Secondly, it
captures diverse geographic areas and damage severities. Thirdly, it is available without the
logistical overhead and safety risks associated with fielding dedicated UAV survey missions
in actively hazardous environments. However, because the frames were extracted from
publicly available online UAV videos, key acquisition metadata such as GPS coordinates,
flight altitude, and camera intrinsic parameters are generally unavailable, limiting the
dataset’s direct use for geospatial mapping or photogrammetric reconstruction.

Prior to data collection, we identified the most severe wind-based events, including
hurricanes and tornadoes, that occurred in the United States since 2018. We then searched
publicly available video platforms for high-quality footage of these events. From the
selected videos, high-quality image frames were extracted and compiled for annotation.
Following the review and compilation process, the AFTERMAP dataset was assembled
from 66 distinct disaster footage sources, including 59 tornado-related sources representing
different EF-scale intensity levels and 7 hurricane-related sources associated with major
hurricane events. Collectively, these sources span 17 states and seven event years within
the 2018-2025 period, capturing substantial variability in post-disaster building damage
appearance due to differences in storm intensity, geographic location, construction typology,
and vegetation environment. In Figure 2, the geographic footprint of AFTERMAP events
spans from the Atlantic Coast (Virginia Beach, Virginia) to the southern Great Plains (An-
dover, Kansas; Barnsdall-Bartlesville, Oklahoma), and from the upper Midwest (Greenfield,
Iowa; Lakeview, Ohio; Wapakoneta, Indiana) to the Gulf Coast (Mexico Beach, Florida;
Grand Isle, Louisiana).

AFTERMAP Event States

Numbers indicate event/source count by state.

Torado-only states
M Tomado + Hurricane states

No event source

State Tornado Hurricane Total

Alabama(AL) 8 0 8

b ~ Arkansas(AR) 5 0 5

1A (2) N Lo Florida(FL) 2 2 4
IL @) Georgia(GA) 2 0 2

Li_ﬂ:’ Tlinois(IL) 1 0 1

= < VA (1) Indiana(IN) 1 0 1
MO (2) Towa(IA) 2 0 2
Kansas(KS) 1 0 1

INLO) Kentucky (KY) 6 0 6

Louisiana(LA) 2 4 6

Mississippi(MS) 9 0 9

Ms©) I AL GA (2) ( Missouri(MO) 2 0 2
Ohio(OH) 1 0 1

6 0 6

4 0 4

7

L (4) 1

Oklahoma(OK) 6
vy
- Tennessee(TN)
Texas(TX) 6 1
F l Virginia(VA) 1 0

L

Figure 2. Geographic distribution of wind-induced disaster events used in AFTERMAP. (The scale bar
represents an approximate ground distance calibrated near 38.5° N. Minor scale variation may occur
across the national extent because of the Albers map projection and the simplified source geometry.).
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Images span diverse urban and suburban environments, including dense residen-

tial neighborhoods, manufactured home communities, rural farmsteads, and mixed-use

commercial-residential zones, providing the geographic and morphological diversity nec-

essary for robust model generalization. Table 2 further summarizes the distribution of

disaster source locations by event type and intensity, showing that the dataset includes

tornado events ranging from EF2 to EF4 and hurricane events ranging from Category 4 to

Category 5 across multiple affected states.

Table 2. Distribution of tornado and hurricane source locations by intensity level.

Event Type

Intensity

Disaster-Affected Locations

Tornado

EF2

Pickens County, Alabama; Palmer-Gilmore City, lowa; Round
Rock-Granger area, Texas; Hosford, Liberty County, Florida;
Steens/Caledonia area, Lowndes County, Mississippi; Norman,
Oklahoma; Columbia, Tennessee; Harrisburg, Arkansas; Caledonia,
Mississippi; Glenallen, Missouri; Wetumpka, Alabama; Selma, Alabama;
Chattanooga, Tennessee; Cottonwood, Alabama; Harvey, Louisiana, USA;
Marianna, Florida

EF3

Salado area, Bell County, Texas; Jacksboro, Jack County, Texas;
Monroe/West Monroe, Ouachita Parish, Louisiana; Lakeview, Ohio;
Wapakoneta and Winchester, Indiana; Selmer, Tennessee; Virginia Beach,
Virginia; Bowling Green, Kentucky; Nashville, Tennessee; Wynne,
Arkansas; New Boston, Texas; Henagar, Alabama; Smithville, Mississippi;
Lockett, Texas; Lake City, Arkansas; Jacksonville, Alabama; Comanche,
Oklahoma; Birmingham, Alabama; Fort Oglethorpe, Georgia; Lake Martin,
Alabama; Andover, Kansas; Amory, Mississippi; St. Louis, Missouri

EF4

Barnsdall-Bartlesville area, Osage/Washington Counties, Oklahoma;
Greenfield, Adair County, lowa; Laurel County, Kentucky; Dawson
Springs, Kentucky; Mayfield, Kentucky; Cambridge Shores, Kentucky;
Sandy Hook, Mississippi; Idabel, Oklahoma; Moss to Laurel, Mississippi;
Newman, Georgia; Marion, Illinois; Diaz, Arkansas; Carson, Mississippi;
Soso, Mississippi; Collins, Mississippi; Princeton, Kentucky

Hurricane

Category 4

Lafourche Parish, Louisiana; Grand Isle, Jefferson Parish, Louisiana;
Lockport, Louisiana, Southwest Louisiana, mainly Lake
Charles/Cameron area; Holly Beach, Cameron Parish, Louisiana; Bayou
Gauche, St. Charles Parish, Louisiana; Lake Charles, Louisiana;
Orange/Southeast Texas area, near the Texas-Louisiana border

Category 5

Tyndall Air Force Base/Panama City-Mexico Beach area, Florida; Mexico
Beach to Port St. Joe, Florida

Beyond identifying relevant footage sources, a formal curation protocol was followed

to ensure data quality, legal compliance, and the integrity of the train, validation and

test splits. The protocol addressed four key aspects of dataset construction, including

source eligibility, video licensing, frame extraction, and scene selection and was applied

consistently across all collected footage. The specific curation steps are described as follows:

e  Videos were identified through structured keyword searches (e.g., “hurricane damage

Y/}

drone footage,” “EF4 tornado aftermath aerial view”, “post-disaster damage UAV

footage”, etc.) targeting post-disaster UAV footage. Inclusion criteria required footage

captured from UAV or drone platforms with nadir or near-nadir viewing angles,

showing residential or mixed-use built environments with visible structural damage,

having a minimum resolution of 720p (1280 x 720 pixels), and providing verifiable

post-disaster timing through upload dates and contextual indicators.
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e  All source videos were publicly accessible through YouTube or online news platforms.
Extracted frames were used internally for non-commercial academic research, includ-
ing annotation, model training, and evaluation. Public accessibility was not interpreted
as a transfer of copyright ownership or permission for redistribution. Accordingly, raw
third-party videos and frames extracted from them will not be publicly distributed.
Copyright in the original footage remains with the respective rights holders. Where
permissible, only a limited sample of images collected directly by the authors, together
with their corresponding annotation masks, may be shared.

e  Frames were sampled at a fixed interval of one frame every two seconds. After frame
extraction, visually redundant frames were manually excluded when consecutive
frames showed duplicate or near-duplicate scene content, particularly in cases where
the UAV moved slowly or remained nearly stationary.

Together, these steps ensured that the curated dataset was visually diverse, legally
sourced, and free from direct scene overlap across the training, validation, and test subsets.
This curation process improves the reliability of the dataset for evaluating post-disaster
building damage segmentation models.

3.3. Annotation

Pixel-level annotations were produced using the CVAT (Computer Vision Annotation
Tool) platform [34], an open-source annotation environment supporting polygon-based
instance segmentation that has been widely adopted in computer vision dataset construc-
tion for aerial and remote sensing imagery. The annotation taxonomy was derived directly
from the FEMA Preliminary Damage Assessment (PDA) guide [3], which served as the
primary reference documents throughout the annotation process. To ensure annotation
consistency, only conventionally constructed residential buildings commonly found in the
United States were included in the dataset. Detached garages, sheds, commercial buildings,
mobile homes, and debris-only areas were excluded from annotation. In cases where a
building exhibited both emergency roof tarps and visible structural damage, the annotation
followed a worst-case damage principle, whereby the building was assigned the highest
observable FEMA PDA damage category (e.g., Minor or Major Damage) rather than the
Tarp class. Such mixed cases were uncommon within the dataset. The Tarp class was there-
fore reserved for buildings in which emergency roof tarpaulins constituted the primary
observable feature and no higher damage category could be reliably assigned from the
aerial imagery. These guidelines were adopted to maintain a consistent and reproducible
annotation protocol across all images.

Prior to beginning independent labeling, all annotators participated in structured ori-
entation sessions covering a systematic review of the FEMA PDA guide, with particular
attention to the visual distinguishing features associated with each damage category. Each
extracted frame underwent a two-stage quality assurance process. In the first stage, each
image was independently annotated by one team member and subsequently reviewed by
a second, who verified class assignments against the FEMA PDA reference materials and
flagged any boundary polygons that were ambiguous, incomplete, or inconsistent with the
established taxonomy. In the second stage, all annotations were subject to a final consistency
review to confirm that color-coded class masks were correctly generated, that no class had
been systematically over- or under-applied across the image set, and that boundary polygons
accurately traced structure outlines rather than extending into adjacent scene elements. How-
ever, formal cross-validation of AFTERMAP annotations against official FEMA PDA field
records was not conducted and represents a necessary step for future operational validation.
The resulting annotation database contains pixel-wise segmentation masks for all 1926 images,
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with class masks stored in JPEG format using a standardized color-coding scheme compatible
with standard segmentation training pipeline.

To assess annotation reliability, a calibration exercise was conducted prior to full-scale
labeling in which two researchers independently annotated a shared set of 500 pilot images
drawn proportionally from all five damage classes, encompassing a total of 873 polygon
instances. Class-label agreement between the two annotators was evaluated using Cohen’s
kappa (k) at the instance class level. The resulting k = 0.71 indicated substantial agreement
under the Landis and Koch (1977) interpretation framework [35]. Observed overall class-
level agreement was 83%, with highest agreement on visually unambiguous categories
such as Destroyed, Tarp, and No Damage, and lowest agreement on the Major Damage and
Minor Damage classes, where disagreements were concentrated at visually adjacent damage
boundaries, reflecting the inherent difficulty of interpreting subtle structural damage
levels from nadir UAV imagery. All disputed cases were resolved through structured
consensus review sessions referencing the FEMA PDA guide, and adjudicated labels were
incorporated into the final dataset. It is acknowledged that annotation from aerial UAV
imagery cannot fully replicate the habitability determinations made during physical FEMA
PDA field inspection; labels reflect the best-available visual interpretation of aerial evidence
by trained civil engineering researchers. Figure 3 illustrates example of annotated images
from our dataset.

-Destroyed - Major Damage |:|Min0r Damage - Tarp - No Damage

Figure 3. Representative samples of different damage-level classes from the AFTERMAP dataset,
with the top row showing the raw images and the corresponding rows showing their annotations.
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3.4. Dataset Statistics and Class Distribution

The AFTERMAP dataset comprises 1926 images and 8363 annotated polygon instances;
on average, each image contains approximately 4.34 annotated instances, with a median
of 3 instances per image, underscoring that it does not conform to a simple single-image,
single-label classification paradigm, but instead consists of images that frequently contain
multiple buildings or damage regions, making it particularly suitable for multi-object and
multi-class segmentation tasks. The dataset was divided into training, validation, and
test sets, with the splits stratified by disaster event to prevent overlap between events,
resulting in 1557 training images, 178 validation images, and 191 test images. The training
set contains 7114 annotated instances, while the validation and testing sets contain 409 and
840 annotated instances, respectively. The mean number of instances per image remains
relatively consistent across the splits, ranging from 4.57 in training to 2.3 in validation and
4.4 in testing, suggesting that the annotation density is reasonably balanced across the
experimental subsets. Table 3 provides the dataset distribution in detail.

Table 3. Image-level distribution of damage categories in the AFTERMAP dataset.

Class ID Damage Category Number of Images
0 Destroyed 1138
1 Major Damage 1222
2 Minor Damage 928
3 No Damage 715
4 Tarp 267

Figure 4 presents the class-wise distribution of AFTERMAP annotations at three levels:
annotated polygon instances, image-level class occurrence, and annotated pixel percentage.
The image-level class occurrence represents the number of images containing at least one
instance of each class and is non-exclusive, since a single UAV image may contain multiple
damage categories. The instance-level distribution shows that Minor Damage has the
largest number of annotated polygons, followed by Major Damage, Destroyed, No Damage
and Tarp. However, the pixel-level distribution shows a different pattern, with Destroyed
occupying the largest proportion of annotated pixels, followed by Major Damage. This
difference highlights the importance of reporting dataset statistics at multiple levels, since
polygon counts, image-level occurrence, and pixel-level spatial coverage describe different
characteristics of a multi-object segmentation dataset.

(a) Annotated polygon instances (b) Images containing each class (c) Annotated pixel distribution

Destroyed 33.41%

Destroyed 1138

Destroyed 1867

Major Damage 2156 Major Damage 1222 Major Damage

Minor Damage Minor Damage

Minor Damage 2157

Damage category

No Damage No Damage

No Damage

0 1000 2000 0 500 1000 1500 0 10 20 30 40
Number of instances Number of images Percentage of annotated pixels (%)

Figure 4. Class-wise distribution of AFTERMAP annotations at three complementary levels:
(a) annotated polygon instance count, (b) image-level class occurrence, and (c) percentage of an-
notated pixels occupied by each class. The image-level counts in panel (b) are non-exclusive because
one image may contain multiple damage categories.
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This distribution indicates that severe damage categories occupy a substantially larger
portion of the annotated regions, whereas Tarp represents a smaller but operationally
important category with limited pixel coverage. Such imbalance reflects the real statistical
characteristics of post-disaster imagery, where heavily damaged structures are often more
visible and occupy larger spatial regions, while tarp-covered or lightly affected areas tend
to be smaller, less frequent, or more difficult to delineate. From a modeling perspective,
this pixel-level variation provides a valuable opportunity to evaluate how effectively
segmentation models learn across both dominant and less frequent damage categories.
The presence of categories with smaller spatial coverage, such as Tarp, makes AFTERMAP
a more realistic and challenging validation setting for post-disaster damage assessment
rather than an artificially balanced dataset. As a result, the dataset supports a more rigorous
assessment of model robustness, class sensitivity, and generalization capability.

To prevent spatial and temporal data leakage, the dataset split was stratified at the
disaster event level. All frames extracted from a given disaster event are assigned exclu-
sively to either the training, validation, or test set. As each disaster event occurred at a
geographically distinct location on a distinct date, this protocol ensures that no building,
neighborhood, or geographic area appears across multiple splits, and all frames from the
same source video are contained within a single subset. Table 4 lists the disaster events
assigned to the validation and test sets and training set to ensure that frames from the same
video or neighborhood did not appear across multiple subsets.

Table 4. Event-level train, validation and test split used in the AFTERMAP dataset.

Type

Location Name

Train

Barnsdall-Bartlesville area, Osage/Washington Counties, Oklahoma; Pickens County, Alabama; Salado area,
Bell County, Texas; Palmer-Gilmore City, lowa; Round Rock-Granger area, Texas; Jacksboro, Jack County,
Texas; Hosford, Liberty County, Florida; Greenfield, Adair County, Iowa; Steens/Caledonia area, Lowndes
County, Mississippi; Monroe/West Monroe, Ouachita Parish, Louisiana; Lakeview, Ohio; Wapakoneta and
Winchester, Indiana; Norman, Oklahoma; Laurel County, Kentucky; Selmer, Tennessee; Dawson Springs,
Kentucky; Virginia Beach, Virginia; Mayfield, Kentucky; Cambridge Shores, Kentucky; Bowling Green,
Kentucky; Sandy Hook, Mississippi; Columbia, Tennessee; Harrisburg, Arkansas; Caledonia, Mississippi;
Glenallen, Missouri; Nashville, Tennessee; Wynne, Arkansas; New Boston, Texas; Henagar, Alabama; Idabel,
Oklahoma; Wetumpka, Alabama; Smithville, Mississippi; Selma, Alabama; Lockett, Texas; Moss to Laurel,
Mississippi; Newman, Georgia; Marion, Illinois; Lake City, Arkansas; Diaz, Arkansas; Jacksonville, Alabama;
Carson, Mississippi; Soso, Mississippi; Collins, Mississippi; Comanche, Oklahoma; Birmingham, Alabama;
Andover, Kansas; Harvey, Louisiana, USA; St. Louis, Missouri; Tyndall Air Force Base/Panama City-Mexico
Beach area, Florida; Lafourche Parish, Louisiana; Grand Isle, Jefferson Parish, Louisiana; Southwest
Louisiana, mainly Lake Charles/Cameron area; Holly Beach, Cameron Parish, Louisiana; Bayou Gauche, St.
Charles Parish, Louisiana; Mexico Beach to Port St. Joe, Florida; Lake Charles, Louisiana; Orange/Southeast
Texas area, near the Texas-Louisiana border; Lockport, Louisiana

Validation

Marianna, Florida; Cottonwood, Alabama; Lake Martin, Alabama

Test

Fort Oglethorpe, Georgia; Amory, Mississippi; Chattanooga, Tennessee; Princeton, Kentucky

3.5. Ethical, Legal, and Privacy Considerations

Prior to constructing the AFTERMAP dataset, ethical, legal, and privacy considera-
tions were taken into account throughout the dataset development process. Source videos
were obtained from publicly accessible online platforms documenting real disaster events,
including YouTube and publicly available news media. Relevant licensing, copyright,
and applicable platform terms of use were considered during dataset development. To
respect intellectual property rights, the public release of AFTERMAP does not include
third-party source videos or extracted image frames. Instead, the public repository provides
dataset documentation, annotations, metadata, and other materials necessary to support
reproducible academic research. Where appropriate, the repository may include a limited
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number of images collected directly by the authors together with their corresponding anno-
tations. The dataset primarily consists of aerial imagery acquired at altitudes suitable for
building-level damage assessment. At the spatial resolution used in this study, individuals
and other personally identifiable information are not discernible. No personal information
was intentionally collected, retained, or annotated during dataset construction. Users of
the publicly released dataset are expected to comply with applicable laws, platform terms
of use, and the accompanying dataset license.

4. Experimental Frameworks and Results
4.1. Baseline Models

To establish comprehensive baseline evaluation on AFTERMAP, multiple configura-
tions of the YOLO (You Only Look Once) architecture were evaluated, reflecting recent
advancements in real-time object detection and segmentation frameworks. We implemented
baseline models from different YOLO generations and model scales, specifically YOLOvS-seg,
YOLOv11-seg, and YOLOvV26-seg, using size variants such as nano (n), small (s), medium
(m), large (1), and extra-large (x) to examine the trade-offs between computational efficiency
and predictive performance. All models were initialized using the official pre-trained weights
from the Ultralytics implementation and fine-tuned on the AFTERMAP dataset without any
modification to the underlying architectures. A consistent training configuration was main-
tained across all experiments to ensure comparability. Table 5 lists all key hyperparameters
and settings used for the YOLO instance segmentation model training:

Table 5. YOLO model training configuration and hyperparameters.

Hyperparameter Value
Models YOLOv8-seg, YOLO11-seg, YOLO26-seg
Model Scales nano (n), small (s), medium (m), large (1), extra-large (x)
Framework Ultralytics v8.4.33, Python 3.11.15, PyTorch 2.11.0+cu128
Pretrained Weights MS-COCO 2017 pretrained weights
Input Image Size 640 x 640,960 x 960, 1280 x 1280
Training Epochs 150
Batch Size 128
Optimizer AdamW, 31 =0.937, B, = 0.999, and weight decay =5 X 10~4
Initial Learning Rate 0.01
Final Learning Rate ~1x 1074
IoU Threshold 0.7
Warmup epochs 5
Early Stopping Enabled, patience = 30 epochs
Random Seed 0 (Ultralytics default)

Learning rate schedule
Data Augmentation

Loss Functions
Class Weighting
CUDA Version

Hardware

Automatic decay, learning rate is gradually reduced over training (to ~1 x 10~ by final epoch)
Copy_paste: 0.15, Random Vertical Flip (flipud = 0.1), Shear (shear = 2.0°), MixUp
(mixup = 0.1), Mosaic (mosaic = 1.0), Close_mosaic = 15
CloU (box regression), BCE (classification + mask), DFL (box distribution)

No explicit class weighting applied; class imbalance is acknowledged as a limitation
CUDA 12.8
Intel Xeon w7-3565X CPU, 128 GB RAM, Dual NVIDIA RTX PRO 6000 Blackwell Max-Q
Workstation Edition

4.2. Evaluation Metrics

For building instance-level damage segmentation on the AFTERMAP dataset, we
adopt standard instance segmentation metrics that quantify both classification accuracy
and spatial overlap. For each class i, predicted building instance masks are compared
with the corresponding ground truth building instance masks based on the specified
IoU threshold. True positives (TP;) are predicted building instances that correctly match
ground truth building instances of class i, false positives (FP;) are predicted building
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instances assigned to class i but do not correctly match any ground truth instances while
false negatives (FN;) are ground truth building instances belonging to class i that are
missed by the model. Precision and recall for class i are defined as:

TP

Precision, Pl = m (1)
TP;

Recall,R; = ———1— 2

et R = TP I FN, @

where P; measures the reliability of predicted building instances for class i, while R;
measures the completeness of detecting ground-truth building instances of class i. In
addition, the F1 score was calculated to provide a balanced evaluation of precision and
recall. As the harmonic mean of these two metrics, the F1 score captures both the model’s
ability to correctly identify building instances and the reliability of its positive predictions.
The score ranges from 0 to 1, where 0 denotes the poorest performance and 1 indicates
perfect agreement. For class 7, the F1 score is defined as follows:

2P; R;
F]_ — 1 1
' P+R

€)

For multi-class evaluation, covering damage categories from No Damage to Destroyed,
the macro-average F1 score is computed as the arithmetic mean of the class-wise F1 scores.
This metric provides a balanced assessment of overall model performance by assigning
equal weight to each class, which is particularly useful when class distributions are imbal-
anced. The macro-average F1 score is defined as:

1N
M — F1 =—) FI1, 4
acro — average F1 score N; i 4)

In addition to the pixel-level metrics described above, instance-level evaluation is per-
formed using Mean Average Precision (mAP), which is the standard evaluation metric for
object detection and instance segmentation tasks and is natively adopted by the YOLO model
family evaluated in this study. The foundational component of mAP is the Intersection over
Union (IoU), defined for a predicted mask M, and a ground-truth mask M as:

IoU(M,, M) = Iﬁpgﬁg; (5)
p 8
IoU quantifies the spatial overlap between a predicted instance mask and its corre-
sponding ground-truth annotation, with values ranging from 0 (no overlap) to 1 (perfect
agreement). A prediction is considered a true positive if its loU with the ground-truth
exceeds a defined threshold; otherwise, it is counted as a false positive.
Average Precision (AP) for a given class 7 is computed as the area under the Precision-
Recall curve, which is constructed by varying the confidence score threshold across all
predictions for that class:

AP; = /0 "P(R) dR ©)

where P;(R) is the precision at recall level R for class i. Mean Average Precision (mAP) is
then defined as the arithmetic mean of per-class AP values across all N damage categories:

1 N
mAP = Ni; AP; 7)
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In this study, the IoU threshold is fixed at 0.5 when computing mAP50, meaning
that a predicted segmentation mask is considered correct if it overlaps the corresponding
ground-truth mask by at least 50%. In addition to mAP50, we also report mAP50-95, which
averages AP over loU thresholds ranging from 0.50 to 0.95 in increments of 0.05. Compared
with mAP50, mAP50-95 provides a more stringent assessment of segmentation quality by
rewarding more precise mask localization and boundary delineation. All evaluation metrics
are computed on predicted segmentation masks rather than bounding boxes, consistent
with the mask prediction head of the YOLO instance segmentation models. Throughout this
paper, mAP50 is used as the primary evaluation metric because it is widely adopted in the
instance segmentation literature and facilitates comparison with prior YOLO-based studies,
while mAP50-95 is reported as a complementary metric to provide a more comprehensive
evaluation of segmentation accuracy.

4.3. Results
4.3.1. Evaluation of YOLO Segmentation Performance Across Variable Input Resolutions

The comprehensive baseline evaluation results for the evaluated YOLO models are
summarized in Table 6. Three state-of-the-art YOLO instance-segmentation models (Ultra-
lytics YOLOvS, YOLOL11, and YOLO26) were evaluated across five model scales (nano ‘n’,
small ‘s’, medium ‘m’, large ‘I, and x-large ‘x’), using three input resolutions (640 x 640,
960 x 960, and 1280 x 1280). Performance is reported as mask mAP at an IoU threshold of
0.5 (mAP50) and as mean mask mAP over IoU thresholds 0.5-0.95 (mAP50-95) on both
validation and test splits. Overall, the results show that model performance varies across
architecture families, input resolutions, and model scales. While larger input resolutions
and higher-capacity variants often improve performance, the trend is not strictly monotonic
for every architecture and split. The validation and test values are generally comparable
across most configurations, although noticeable gaps appear for some higher-performing
models, particularly under the stricter mAP50-95 metric.

Table 6. Validation and test mAP performance of YOLOVS, YOLO11, and YOLO26 segmentation
models across model sizes and input resolutions.

Family = Image Pixels Size mAP50 mAP50-95
Val Test Val Test
n 0.499 0.448 0.300 0.304
s 0.505 0.497 0.324 0.336
640 m 0.516 0.494 0.318 0.341
1 0.476 0.503 0.320 0.357
X 0.412 0.442 0.299 0.289
n 0.456 0.517 0.281 0.374
YOLOVS s 0.394 0.520 0.247 0.355
960 m 0.534 0.588 0.282 0.438
1 0.525 0.518 0.300 0.386
X 0.502 0.509 0.264 0.376
n 0.513 0.535 0.339 0.389
s 0.469 0.534 0.341 0.384
1280 m 0.543 0.561 0.400 0.433
1 0.536 0.556 0.369 0.426
X 0.459 0.527 0.355 0.379
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Family = Image Pixels Size mAP50 mAP50-95
Val Test Val Test
n 0.485 0.462 0.311 0.299
s 0.553 0.545 0.342 0.385
640 m 0.495 0.540 0.330 0.382
| 0.519 0.495 0.326 0.350
X 0.476 0.513 0.282 0.349
n 0.554 0.539 0.300 0.372
s 0.435 0.499 0.271 0.364
YOLO11 960 m 0.508 0.538 0.287 0.392
1 0.500 0.539 0.302 0.384
X 0.497 0.572 0.281 0.390
n 0.536 0.545 0.385 0.398
s 0.490 0.566 0.345 0.426
1280 m 0.492 0.572 0.365 0.430
1 0.502 0.543 0.365 0.412
X 0.358 0.509 0.297 0.358
n 0.382 0.454 0.250 0.280
s 0.416 0.511 0.273 0.348
640 m 0.420 0.491 0.278 0.338
| 0411 0477 0.259 0.321
X 0.423 0.455 0.288 0.295
n 0.454 0.523 0.258 0.371
s 0.480 0.493 0.269 0.336
YOLO26 960 m 0.478 0.531 0.317 0.393
1 0.510 0.600 0.307 0.453
X 0.474 0.533 0.320 0.386
n 0.433 0.565 0.337 0.400
s 0.387 0.542 0.324 0.393
1280 m 0.483 0.530 0.361 0.396
1 0.318 0.476 0.303 0.356
X 0.449 0.545 0.363 0.404

At 640 x 640 input resolution, the YOLO11 family achieves the highest mask mAP50
and mAP50-95 values, with YOLO11s-seg producing the best validation and test per-
formance at this resolution. Specifically, YOLO11s-seg achieves a validation mAP50 of
0.552 and a test mAP50 of 0.545, while also obtaining the highest mAP50-95 values of
0.342 on validation and 0.385 on test. The YOLOVS8 family forms a close second tier, with
competitive performance from its medium and large variants, while YOLO26 shows lower
validation performance but remains competitive on the test split for selected configurations.
This pattern suggests that, for moderate-resolution inputs, YOLO11 provides the strongest
balance of segmentation accuracy and stability on the AFTERMAP dataset. To provide
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a direct comparison under a common input setting, Figure 5 presents the validation and
test mask mAP50 and mAP50-95 values obtained by the nano, small, medium, large, and
extra-large variants of YOLOvS, YOLO11, and YOLO26 at a 640-pixel input resolution,
which represents the standard default input size for YOLO architectures and provides
a consistent baseline for isolating the effects of model family and scale on segmentation
performance independently of resolution-driven variation. Complete numerical results for
all evaluated resolutions, including 960 and 1280 pixels, are reported in full in Table 6 to
understand resolution-specific comparisons.

Mask mAP50 at 640-pixel Input

BB 640px Val 640px Test

0.554

et

o

=}
!

Mask mAP50
o
&

0.35-

YOLOvS YOLO11 YOLO26

Mask mAP50-95 at 640-pixel Input

0.42

640px Val ~ EEEE 640px Test

Mask mAP50-95

YOLOv8 YOLO11 YOLO26

Figure 5. Validation and test mask mAP50 and mAP50-95 performance of YOLOvS8, YOLO11, and
YOLO26 model variants at a 640-pixel input resolution.
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Increasing the input resolution to 960 and 1280 pixels generally leads to improved
mask mAP50 and mAP50-95 for the best-performing variants in each family, although
the magnitude of gains varies and is not strictly monotonic across all splits. For mAP50,
the best validation performance is obtained by the YOLOvV8-seg m variant at 1280 x 1280,
with mask mAP50 values of 0.543 on the validation set and 0.561 on the test set, while the
YOLO26-L variant at 960 x 960 achieves the highest test set mask mAP50 of 0.60, slightly
exceeding the top YOLOv8 and YOLO11 models. For the stricter mask mAP50-95 metric,
the highest test set value of 0.452 is obtained by YOLO26-L at 960 x 960, followed closely
by YOLOvS8-seg m at the same resolution with 0.438. In summary, YOLOL11, particularly its
small-scale and nano variants at 640 x 640 and 960 x 960, achieved the strongest validation
mask mAP50 (0.553 and 0.554, respectively), while YOLOv8-m at 1280 x 1280 achieved
the strongest validation mask mAP50-95 (0.400). On the test split, however, YOLO26-L at
960 x 960 achieved the highest scores for both metrics (mAP50 = 0.600, mAP50-95 = 0.453),
suggesting that higher-resolution inputs and larger model capacity can improve damage-
segmentation accuracy and generalization, even though the trend is not strictly monotonic
for every architecture. The gap between mask mAP50 and mask mAP50-95 across all
families, together with the remaining errors, may reflect the need for greater attention to
complex damage boundaries, occlusions, and strict FEMA-based label definitions in the
AFTERMAP task, where multiple damage categories are interpreted from aerial imagery.
The complete validation and test results for all YOLO families, model-size variants, input
resolutions, and evaluation metrics are provided in Table 6.

Based on the overall test set results, YOLO26-L at 960 x 960 was selected for the
subsequent case study and additional model comparison. This selection was made because
YOLO26-L achieved the highest test mAP50 and the highest test mAP50-95 among all
evaluated configurations, indicating strong generalization on the held-out AFTERMAP test
split. In addition, achieving the best test performance at 960 x 960 rather than 1280 x 1280
suggests a favorable balance between segmentation accuracy and computational efficiency.
Therefore, YOLO26-L provides a practical and robust baseline for further evaluation of
FEMA-aligned post-disaster building damage segmentation. The remaining gap between
mAP50 and mAP50-95 across all model families reflects the difficulty of precisely segment-
ing complex damage boundaries, occlusions, debris fields, roof tarpaulins, and visually
subtle damage categories in UAV imagery.

Figure 6 shows representative test set predictions generated by the selected YOLO26-L
model on AFTERMAP imagery. The predicted masks and confidence scores demonstrate
that the model can identify and delineate multiple damage states within the same UAV
frame, including destroyed buildings, major and minor damage, tarp-covered roofs, and
undamaged structures. These examples highlight the practical utility of the trained model
for instance-level post-disaster damage segmentation, particularly in scenes containing
multiple buildings, partial roof failures, debris fields, and heterogeneous background
conditions. Therefore, the qualitative outputs complement the numerical evaluation by
showing how the model performs spatially across visually diverse disaster scenarios.

4.3.2. Per-Class Analysis

Table 7 summarizes the per-class performance of YOLO26-L at an input resolution of
960 x 960 pixels. The model achieved an overall test mAP50 of 0.600, with a precision of 0.578,
recall of 0.561, and F1-score of 0.568. Compared with the validation set (mAP50 = 0.510), the
higher test performance indicates moderate variation in scene difficulty across the dataset.
Among the five classes, Tarp achieved the highest performance (mAP50 = 0.753, F1 = 0.715),
likely because emergency roof tarps exhibit distinctive color and texture that clearly differenti-
ate them from surrounding roofs and debris. Destroyed and Minor Damage also achieved
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strong performance (mAP50 = 0.648 and 0.642, respectively), suggesting that the model ef-
fectively captures both severe structural failure and visible surface damage. Major Damage
was the most difficult class (mAP50 = 0.460, F1 = 0.470), reflecting the gradual transition
between minor and catastrophic structural damage. No Damage also showed relatively lower
performance (mAP50 = 0.498), as intact buildings often appear within scenes containing
nearby damaged structures, increasing contextual ambiguity.

Z 2. &7 2
Destroyed 0.95

[l Destroyed [ Major Damage ] Minor Damage

Figure 6. Qualitative results of building-damage segmentation on test UAV imagery using the
YOLO26-L architecture.

Table 7. Quantitative evaluation of the YOLO26-L model on the AFTERMAP validation and test sets
at 960 x 960 input resolution.

Class mAP50 Precision Recall F1
Test Val Test Val Test Val Test Val

Destroyed 0.648 0.510 0.581 0.566 0.632 0.468 0.606 0.513
Major Damage 0.460 0.494 0.472 0.641 0.468 0.398 0.470 0.490
Minor Damage 0.642 0.403 0.643 0.423 0.518 0.507 0.573 0.461
Tarp 0.753 0.653 0.711 0.263 0.718 0.486 0.715 0.641
No Damage 0.498 0.492 0.485 0.566 0.468 0.468 0.476 0.341
Overall 0.600 0.510 0.578 0.492 0.561 0.465 0.568 0.489

Overall, the results indicate that segmentation performance is strongly influenced
by the visual separability of each damage category. Classes with distinctive appearance
are segmented more accurately, whereas intermediate damage levels remain challenging
because damage severity forms a visual continuum rather than discrete categories.
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To further examine these class-level error mechanisms, Figure 7 presents the row-
normalized pixel-level confusion matrix for the YOLO26-L model on the AFTERMAP
test split. While Table 6 summarizes class-wise detection and segmentation performance
using mAP50, precision, recall, and F1-score, the confusion matrix provides additional
insight into the dominant misclassification pathways among visually adjacent damage
categories. As shown in Figure 7, Destroyed, Minor Damage, and Tarp exhibit the strongest
class agreement, with correct classification rates of 91%, 75%, and 71%, respectively. In
contrast, Major Damage and No Damage achieve lower correct classification rates of 39%
and 45%, indicating greater classification difficulty. The most significant confusion occurs
between Major Damage and Destroyed, where 54% of Major Damage pixels are predicted as
Destroyed, reflecting the visual similarity between severe structural damage and complete
collapse. Another notable confusion occurs between No Damage and Minor Damage, with
48% of No Damage pixels misclassified as Minor Damage. This behavior suggests that
roof texture, shadows, debris, and the presence of nearby damaged buildings can obscure
the distinction between intact and lightly damaged structures. Overall, the confusion
matrix complements the per-class performance metrics by showing that most prediction
errors occur between visually adjacent damage categories rather than between structurally
distinct classes.
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Figure 7. Row-normalized pixel-level confusion matrix of the best-performing model on the AF-
TERMAP test split. Diagonal values represent correct class predictions, while off-diagonal values
indicate class-level confusion.

5. Discussion
5.1. Generalization to an Independent Disaster Event

To further evaluate the applicability of the AFTERMAP dataset and the generalization
capability of the trained model, the best-performing YOLO26-L model was applied to an
independent post-disaster UAV dataset collected following the 2025 Somerset-London
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tornado in southeastern Kentucky. The tornado occurred on 16-17 May 2025, producing
EF4 damage across Russell, Pulaski, and Laurel counties. With a path length of nearly
60 miles, 19 fatalities, and extensive destruction of residential structures, it ranks among the
most destructive tornadoes in Kentucky in recent decades [36]. Importantly, the imagery
used in this case study was collected independently of AFTERMAP and was not included
in the training, validation, or test sets, providing an opportunity to evaluate the model
under unseen real-world conditions.

Following the event, our research team conducted an on-site field survey and collected
high-definition UAV imagery using a DJI Air 2S. The use of a consumer-grade UAV also
demonstrates that the proposed framework does not rely on specialized or survey-grade
aerial platforms for data acquisition. The trained YOLO26-L model was then applied
directly to the collected imagery without additional fine-tuning. Figure 8 presents represen-
tative prediction results, where the five damage categories are visualized using instance

segmentation masks and confidence scores.

*Tarp 0.80

Il Destroyed

[ Major Damage [ ] Minor Damage B Tarp I No Damage

Figure 8. Predicted damage classes from YOLO segmentation for the Somerset-London tornado case
study site.

The qualitative results demonstrate that the model successfully identifies individual
damaged structures and produces spatially consistent damage predictions across diverse
post-disaster scenes. Buildings classified as Destroyed are generally well localized and
exhibit high-confidence predictions, indicating that the model effectively captures the
large-scale structural failures associated with complete collapse. The model also identifies
Tarp and No Damage when their visual characteristics are sufficiently distinct, such as
emergency roof coverings or intact roof surfaces. These observations suggest that the
features learned from the AFTERMAP dataset transfer well to imagery collected during an
independent disaster event.
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Most prediction uncertainty occurs between neighboring damage categories, partic-
ularly Destroyed and Major Damage, and between Major Damage and Minor Damage.
This behavior is expected because post-disaster structural damage exists on a continuum
rather than as discrete visual states. Partial roof failure, debris accumulation, occlusion
by vegetation, and irregular building geometries often obscure the visual cues required
to distinguish adjacent FEMA damage categories from aerial imagery alone. Neverthe-
less, the model consistently captures the most operationally significant damage patterns,
particularly buildings exhibiting severe structural failure that require immediate attention
during post-disaster response. Overall, the Somerset-London case study demonstrates
that the AFTERMAP-trained YOLO26-L model generalizes well to unseen UAV imagery
and provides reliable building-level damage predictions under realistic field conditions,
highlighting its potential to support rapid post-disaster damage assessment.

5.2. Evaluation of Model Inference Efficiency

In addition to segmentation accuracy, inference efficiency was evaluated to assess
the suitability of YOLO26-L for rapid post-disaster UAV image analysis. Fast processing
is essential in disaster response, where large numbers of aerial images must be analyzed
within a limited time. Increasing the input resolution preserves finer spatial details that
may improve segmentation of small objects and complex damage boundaries, but it also
increases computational cost. Table 8 summarizes the inference performance of YOLO26-L
using input resolutions of 640 x 640, 960 x 960, and 1280 x 1280, with all experiments
conducted on a workstation equipped with an NVIDIA RTX PRO 6000 Blackwell Max-
Q GPU. As expected, computational cost increased with image resolution. The total
latency rose from 16.60 ms/image at 640 pixels to 20.61 ms/image at 1280 pixels, while
the processing speed decreased from 60.2 FPS to 48.5 FPS. Despite this trade-off, all three
configurations maintained real-time inference performance. The 960 x 960 configuration,
which achieved the highest segmentation accuracy, processed images at 57.2 FPS, indicating
that improved accuracy can be obtained without sacrificing real-time capability. These
results demonstrate that YOLO26-L provides an effective balance between segmentation
accuracy and computational efficiency, making it well suited for rapid UAV-based post-
disaster damage assessment.

Table 8. Inference latency and FPS comparison of YOLO26-L across image sizes.

Image

Pre-Processing Inference Post-Processing Overhead Total

Size (ms) (ms) (ms) (ms) (ms) FPS
640 1.13 6.49 0.55 8.43 16.60 60.2
960 1.69 6.88 0.54 8.38 17.49 57.2
1280 2.97 8.63 0.55 8.46 20.61 48.5

5.3. Cross-Architecture Baseline Comparison

To benchmark YOLO26-L against representative instance segmentation methods,
Mask R-CNN and Mask2Former were evaluated on the AFTERMAP test set. YOLO26-L
was trained and evaluated using an input size of 960 x 960, while Mask R-CNN and
Mask2Former used their default input settings. Table 9 summarizes the mAP50 results.

YOLO26-L achieves the highest overall mAP50 of 0.600, outperforming Mask R-
CNN (0.524) and Mask2Former (0.368). It also achieves the best performance across
all five damage categories, with particularly strong results for Destroyed (0.648), Minor
Damage (0.642), and Tarp (0.753). Despite the relatively small AFTERMAP training set
(1557 images), YOLO26-L demonstrates that a modern single-stage detector with strong
pretraining can outperform both a traditional two-stage detector and a transformer-based
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segmentation model. Mask R-CNN remains competitive, particularly for the Tarp class,
while Mask2Former consistently underperforms, likely due to the larger training data
requirements of transformer-based architectures. Overall, the results indicate that YOLO26-
L provides the most effective balance of detection and segmentation performance for
post-disaster building damage assessment on the AFTERMAP dataset.

Table 9. Cross-architecture instance segmentation performance comparison on the AFTERMAP test
set (mAP50).

Class YOLO26-L Mask R-CNN Mask2Former
Destroyed 0.648 0.566 0.350
Major Damage 0.460 0.384 0.404
Minor Damage 0.642 0.564 0.401
Tarp 0.753 0.739 0.365
No Damage 0.498 0.368 0.320
Overall 0.600 0.524 0.368

5.4. Limitation and Future Study
5.4.1. Data Source and Geospatial Grounding

AFTERMAP was constructed from publicly available UAV footage sourced from
online video platforms, which provides scale and geographic diversity but introduces
limitations not present in datasets collected under structured field survey protocols. In par-
ticular, GPS coordinate metadata, flight altitude, camera intrinsic parameters, and gimbal
orientation are generally unknown for publicly available online UAV footage. This limits
AFTERMAP’s direct utility for applications requiring pixel-to-ground coordinate mapping,
photogrammetric reconstruction, or georeferenced damage mapping, use cases that are im-
portant for advanced FEMA PDA workflows involving GIS integration. Future extensions
of AFTERMAP would prioritize incorporating imagery collected under structured survey
protocols with complete metadata, enabling geospatially referenced damage mapping.

5.4.2. Annotation Source and Label Uncertainty

All annotations were produced by the research team following the FEMA PDA taxon-
omy, without cross-validation against official FEMA PDA field assessment records for the
same structures. While this is consistent with practice in the broader disaster segmentation
literature, it introduces the possibility of systematic labeling bias, particularly for boundary
categories such as Major Damage versus Minor Damage, where the distinction is subtler
from the aerial perspective than from ground-level inspection. Some misclassifications be-
tween adjacent damage categories may therefore reflect genuine label ambiguity inherited
from the annotation process rather than purely a model capacity issue. Cross-validation
with official FEMA experts would enhance the reliability of the dataset.

5.4.3. Class Imbalance and Minority Category Performance

The relative underrepresentation of Tarp (16.55% of annotated pixels) compared with
Destroyed (33.41%) and Major Damage (28.03%) reflects the real statistical distribution of
post-disaster damage but creates a training challenge. No class weighting or oversampling
was applied during training; therefore, the reported results reflect the natural class imbal-
ance present in the AFTERMAP dataset. The YOLO architecture’s anchor-free detection
head is sensitive to object frequency during training, and extremely rare categories benefit
disproportionately from targeted data augmentation or synthetic sample generation. For
further extension of the dataset, augmentation methods can be used to increase the number
and diversity of Tarp examples during training, such as class-aware copy-paste augmenta-
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tion with higher sampling priority for Tarp regions and diffusion-based synthetic images
guided by FEMA damage descriptions.

5.4.4. Domain-Specific Limitations of YOLO26 on AFTERMAP

Although YOLO26-L achieved the best performance among the evaluated models, its
overall accuracy remains below that commonly reported on large-scale benchmarks such as
COCO. This difference is likely attributable to the characteristics of the AFTERMAP dataset
rather than the model architecture alone. Unlike general-purpose datasets, AFTERMAP is
a relatively small, domain-specific UAV dataset containing nadir-view imagery, irregular
building boundaries, debris, and subtle visual differences between adjacent damage cate-
gories. These characteristics make damage classification substantially more challenging,
particularly for intermediate damage levels such as Major Damage, which exhibit consid-
erable visual overlap with neighboring classes. The results suggest that general-purpose
instance segmentation models can benefit from further adaptation to post-disaster UAV
imagery. Future research may investigate domain-specific pretraining, improved strategies
for handling class imbalance, and loss functions that better preserve complex object bound-
aries. In addition, expanding AFTERMAP with more disaster events, greater geographic
diversity, and paired pre- and post-disaster imagery would provide a broader benchmark
for evaluating model generalization and change-aware damage assessment.

5.4.5. Practical Engineering Applicability

The results demonstrate the potential of AFTERMAP-trained models to support rapid
post-disaster damage assessment using readily available UAV imagery. First, YOLO26-L
achieved real-time inference speeds of 48.5-60.2 FPS across the evaluated input resolutions
(Table 8), indicating that large collections of UAV images can be processed efficiently to
assist rapid damage assessment during the early stages of disaster response. Second, the
Somerset-London case study shows that imagery collected using a low-cost consumer
UAV is sufficient for accurate model inference, suggesting that specialized survey-grade
platforms are not essential for initial building damage assessment. Finally, when integrated
with UAV positioning information, the predicted building-level damage categories can be
georeferenced to produce spatial damage maps that support situational awareness and
help prioritize field inspections. These capabilities suggest that AFTERMAP provides a
practical benchmark for developing Al-assisted tools to complement, rather than replace,
existing post-disaster damage assessment workflows.

6. Conclusions

This paper introduced AFTERMAP, a FEMA-aligned benchmark dataset for instance
segmentation of post-disaster building damage from UAV imagery. The dataset contains
1926 annotated UAV images with pixel-level instance masks representing five operationally
relevant classes: Destroyed, Major Damage, Minor Damage, Tarp, and No Damage. By
aligning the annotation taxonomy with FEMA Preliminary Damage Assessment (PDA)
guidelines, AFTERMAP provides a standardized resource for developing and evaluating
computer vision models for post-disaster damage assessment. Benchmark experiments
demonstrated that recent YOLO instance segmentation models provide strong performance
on this dataset. Among the evaluated models, YOLO26-L, trained using a 960 x 960
input resolution, achieved the best overall performance with a test mAP50 of 0.600, out-
performing both Mask R-CNN (0.524) and Mask2Former (0.368) in the cross-architecture
comparison. The model performed particularly well on the Destroyed, Minor Damage, and
Tarp classes, while Major Damage remained the most challenging category because of its
visual similarity to adjacent damage levels. These results demonstrate that AFTERMAP is
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a valuable resource for developing and benchmarking Al methods for UAV-based building
damage assessment. By providing a publicly documented benchmark aligned with FEMA
damage categories, AFTERMAP helps bridge the gap between computer vision research
and practical disaster response applications.
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