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Abstract. Timely and accurate detection of hurricane-induced debris is critical for effective disaster
response and enhanced community resilience. While post-disaster aerial imagery is widely avail-
able, robust debris segmentation methods applicable across diverse disaster regions remain limited.
Developing a generalized solution is challenging due to variations in environmental and imaging con-
ditions that alter the visual signatures of debris, further complicated by the scarcity of high-quality
labeled training data. This study addresses these challenges by fine-tuning pre-trained foundational
vision models, achieving robust performance despite using a relatively small yet high-quality dataset.
Specifically, this work introduces an open-source dataset comprising approximately 1,200 manually
annotated aerial RGB images collected after Hurricanes Ian, Ida, and Ike. To mitigate human biases
and enhance labeling quality, annotations from multiple experts are strategically aggregated, comple-
mented by visual prompt engineering. The resulting fine-tuned model, named fCLIPSeg, achieves a
Dice score of 0.70 on imagery from Hurricane Ida—a disaster event completely excluded from train-
ing—with virtually no false positives in debris-free regions. This research provides the first event-
agnostic debris segmentation model deployable with standard RGB imagery, making it particularly
well-suited for rapid, large-scale post-disaster impact assessments and recovery planning.

1 INTRODUCTION

Hurricanes and coastal storms inflict widespread damage, challenging community resilience and
incurring significant costs; US tropical cyclones alone have caused over $1.5 trillion in damages since
1980 [1]]. A critical consequence of these events is the massive accumulation of debris. For instance,
Hurricane Katrina generated over 100 million cubic yards of debris [2], and debris removal often con-
stitutes a major portion of recovery costs, approximately 36% [3]. Furthermore, this accumulated de-
bris significantly impedes emergency response and subsequent recovery efforts by obstructing critical
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Figure 1: Challenges in accurate debris segmentation across diverse conditions. This figure highlights factors altering
debris visual signatures (e.g., image quality, lighting, density) and the difficulty in distinguishing fragmented debris from
similar objects.

routes [4]]. Therefore, rapid post-storm debris detection and quantification are essential for prioritizing
clearance operations, optimizing resource allocation, and mitigating secondary losses [J3]].

High-resolution aerial imagery, often rapidly provided by agencies like NOAA [6], is a crucial
resource for post-disaster assessment [7]. However, manual analysis is too slow for timely decision-
making, necessitating automated image segmentation techniques. While Al-assisted workflows show
potential for debris volume estimation [8]], a robust, generalizable debris segmentation model operat-
ing efficiently on standard aerial imagery is urgently needed for effective recovery planning.

Accurate debris detection is challenging due to variations in visual characteristics influenced by
image quality, background, debris density/composition, lighting, and view angle (Fig. 1). These
factors vary significantly across events. Furthermore, debris is often fragmented, occupies small
image areas, and lacks context, making it difficult to distinguish from visually similar objects (e.g.,
water reflections, pavement).

Previous debris detection studies often focused on specific types like marine or vegetative debris,
frequently relying on multi-spectral or hyper-spectral data and spectral signatures using methods like
SVMs [9-12]]. This study, however, targets hurricane-induced non-vegetative debris on land using
standard RGB imagery. Existing methods for this often use single-pixel spectral classification or
hand-crafted textural filters [14]]. These approaches struggle with the heterogeneity of urban debris,
lack sufficient spectral contrast in non-vegetative backgrounds, are sensitive to varying conditions, and
have often been validated only on single regions or events [[11, 13} [14]], limiting their generalizability.
Consequently, no robust, event-agnostic debris segmentation model using standard RGB imagery
currently exists.

Addressing these challenges likely requires complex models, but training them from scratch is
hampered by the scarcity of large, high-quality labeled debris datasets [15]], despite the availability
of raw post-disaster imagery [16]. This motivates leveraging pre-trained foundational models [17-
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19]. These models, trained on vast datasets, offer robust, generalizable representations. Among
relevant architectures [18-23]], CLIPSeg [24] emerged as a promising candidate. Its CLIP encoder
[21]] captures rich semantics, but its performance can degrade for specialized concepts like debris,
likely under-represented in its original training.

Therefore, we propose fine-tuning the pre-trained CLIPSeg model for post-hurricane debris seg-
mentation using only standard aerial RGB imagery, enhancing transferability by avoiding specialized
sensors. This leverages the foundational model’s power while requiring a relatively small fine-tuning
dataset. We curated a dataset of 1,200 images from Hurricanes Ian, Ike, and Ida, balancing debris-
present and debris-free examples. To improve data quality, we aggregated labels from multiple anno-
tators into consensus annotations and employed visual prompt engineering. Images from Hurricane
Ida were entirely withheld during training to evaluate domain generalization.

Our evaluations demonstrate that this fine-tuned model, fCLIPSeg, significantly improves debris
segmentation accuracy and robustness across varying environmental and imaging factors, including
effective performance on the unseen Hurricane Ida test set. This work presents the first event-agnostic
debris segmentation model applicable across multiple disaster regions using only RGB imagery.

Ultimately, our goal is to enable near-real-time debris detection supporting rapid response and
long-term resilience planning using publicly available data (e.g., NOAA). This framework offers im-
mediate operational benefits and lays groundwork for future predictive modeling and multi-scale anal-
ysis. By open-sourcing the model and dataset !, we aim to foster collaboration and enhance global
disaster preparedness and recovery.

Q

Galveston Island, TX
Hurricane Ike (2008)
Category: 4

Covered area: 6 km?
Resolution: 50 cm
Train/Val/Test: 233/51/0

Estero Island, FL
Grand Isle, LA Hurricane Ian (2022)

Hurricane Ida (2021) Category: 5

Category: 4 Covered area: 31 km?
Covered area: 19 km? Resolution: 15-30 cm & 5 cm
Resolution: 15-30 cm Train/Val/Test: 541/144/0

Train/Val/Test: 0/0/273

Figure 2: Three hurricane-affected regions used in this research. Key details for each storm and location are provided,
alongside visualizations highlighting impacted areas and image counts. The diversity across regions is crucial for training
and evaluation.

2 DEBRIS SEGMENTATION DATASET

This section details the construction of our dataset for fine-tuning CLIPSeg, involving data collec-
tion, classification, and annotation. We sampled 50 x 50 m ground resolution crops from publicly

'Source code and dataset will be made available upon publication.
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available aerial RGB images. This size balances compatibility with CLIPSeg’s encoder [24] and
practicality for manual annotation. These procedures are designed to be region-agnostic.

2.1 Data Collection

Aiming for a generalizable framework, we release our model and dataset openly via the NHERI
DesignSafe Cyberinfrastructure [25]. We selected imagery sources based on prompt post-event col-
lection, sufficient image quality, and public availability. After evaluation, the NOAA Emergency Re-
sponse Imagery dataset [16] was chosen. Operational since 2003, it provides timely, high-quality
aerial photos post-hurricane, enabling rapid assessments. While NOAA is our primary source, our
methodology is applicable to other aerial imagery sources (Sec. 5.1).

2.1.1 Case studies

To ensure diversity and test generalizability, we sourced images from three major hurricanes span-
ning different years, regions, and imaging instruments: lan (2022), Ida (2021), and ke (2008)
(Fig. 2). Specifically, we trained using images from Hurricanes Ian (Florida, 15-30 cm resolution,
severe impact) and Ike (Texas, 50 cm resolution, older instruments), reserving Hurricane Ida images
(Louisiana, 15-30 cm resolution) exclusively for the test set. This design rigorously evaluates the
model’s ability to generalize to unseen events and locations. While Fig. 2 highlights key impacted
areas, our dataset includes surrounding regions for completeness, providing diverse testbeds for as-
sessing variations in resolution, sensors, and debris conditions.

2.2 Debris Classification

To prevent model bias from training only on debris-laden areas, we included negative samples
(debris-free crops from various environments like coasts, forests, unaffected built zones). A multi-
annotator classification filtered images into positive (containing debris) and negative samples. In-
cluding challenging negative samples (e.g., visually similar water reflections, rooftops) facilitates
contrastive learning [26]. Positive samples proceeded to segmentation labeling (Sec. 2.3).

Consensus
annotaion
~w

el

Original image Annotator 1 Annotator 2 Annotator 3

A3 |
No debris Low-density debris M High-density debris

Figure 3: Debris segmentation challenges and annotation aggregation. Input from multiple annotators is aggregated
into a consensus annotation to mitigate individual errors and biases, yielding more reliable ground truth labels.
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2.3 Debris Segmentation Annotation

For an RGB image (), annotators produced dense segmentations S, € {0,1,2}7*W  labeling
pixels as O (no debris), 1 (low-density: scattered fragments), or 2 (high-density: aggregated piles).
This distinction aids response planning and leverages CLIP’s pattern recognition, though classes can
be merged if density information is unneeded. To mitigate individual annotator bias (illustrated in
Fig. 3), annotations from /N annotators {.S,,, ..., S, } for each image were aggregated into a consen-
sus annotation S via per-pixel averaging:

S =Ty S Swlna)l, )

where [-] is the ceiling function. This S served as the ground truth for fine-tuning, proving more
reliable than single annotations (Fig. 3).

3 DEBRIS SEGMENTATION MODEL

This section details our fine-tuning of the CLIPSeg model for improved debris segmentation per-
formance using the labeled dataset from Sec. 2. We first outline the base CLIPSeg segmentation
process, then describe our visual prompt engineering and fine-tuning procedures.

)
CLIPtext |~ EL(;E. # Frozen
_L transformer embedding  {& Fine-tuned
P — | !
a3
*
CLIP visual fCLIPSeg
transformer decoder
f o
Query image Segmentation
No debris Low-density debris B High-density debris

Figure 4: Overview of fCLIPSeg model. Based on CLIPSeg, it uses pre-trained CLIP encoders and a fine-tuned decoder
for debris segmentation from RGB images.

3.1 Image Segmentation Using CLIPSeg

Given an RGB query image (), the model produces a dense segmentation map .S, where each pixel
is labeled as O (no debris), 1 (low-density debris), or 2 (high-density debris) based on corresponding
text prompts (see Sec. 2.3).

Our model follows the CLIPSeg architecture [24], shown in Fig. 4. It employs frozen pre-trained
CLIP ViT-B/16 visual and text encoders [21] to generate 512-dimensional embeddings e for image
inputs and text prompts. A transformer-based decoder then processes these embeddings along with
intermediate activations extracted from the visual encoder to produce segmentation maps. Specifi-
cally, activations from selected visual encoder layers are projected and combined with the decoder’s
internal states. A final linear projection yields single-channel segmentation maps .5; for each density
level [, where pixel values indicate the match score to the input prompt.
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To obtain the final multi-class segmentation .S, we generate S; for all density levels [ € {0, 1,2}
and assign the label with the highest score at each pixel (z,y):

S(z,y) = arg max Si(z,y). )

While applicable to debris, the standard CLIPSeg struggles, likely due to debris being under-represented
in its original training data. This motivates fine-tuning on our specialized debris dataset (Sec. 2).

3.2 Visual Prompt Engineering

To improve training efficiency with limited data, we use visual prompt engineering [27], modifying
input RGB images to highlight target debris features. This improves alignment between visual and
text prompts, boosting segmentation performance [24]. We create engineered prompts by degrading
the background (non-target pixels defined by ground truth labels) through brightness reduction and
Gaussian blur (Fig. 5). This is applied separately for low-density (P;) and high-density (P;) debris
prompts. Prompts for the 'no debris’ class (Py) use the original, non-engineered negative images from
Sec. 2.2. These engineered prompts are used during fine-tuning.

(b)

N/A

Figure 5: Visual prompt engineering. Salient debris is highlighted by blurring and darkening the background, improving
training efficiency. Examples show (a) original RGB, and engineered prompts for (b) high-density and (c) low-density
debris.

3.3 Fine-tuning CLIPSeg

We fine-tune the CLIPSeg transformer decoder (Fig. 4), initializing from the official checkpoint
[24] while keeping the CLIP encoders frozen. Fine-tuning uses our labeled dataset where each image
@ has corresponding engineered visual prompts P and consensus annotation S.

During training, for each image (), we randomly sample a density level [, its text prompt (e.g.,
”debris at low-density”), and a corresponding engineered visual prompt from P;. The ground truth is
the binary segmentation for level [ derived from S. We generate CLIP embeddings for the text prompt
(ey) and visual prompt (e,). As a data augmentation strategy, we interpolate these embeddings:

e. = ae + (1 —a)e,, (3)
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with « uniformly sampled from [0, 1]. This combined embedding e, conditions the decoder. We use
binary cross-entropy loss between the model’s output for density / and the binary ground truth. The
resulting fine-tuned model is named fCLIPSeg.

4 RESULTS

This section presents the experimental setup (Sec. 4.1), quantitative evaluation (Sec. 4.2), and
qualitative assessment (Sec. 4.3) of our proposed fCLIPSeg model.

4.1 Experimental Setup

We used PyTorch Lightning, fine-tuning CLIPSeg [24] (checkpoint rd64-uni-refined) for 2 000
epochs (batch 64). Optimization employed AdamW [28] with a cosine-decayed learning rate (0.001
— 0.0001) and mixed precision. Training finished in 5 h on one Nvidia A40, and the best model was
chosen by validation Dice (debris classes).

Inference throughput on an Nvidia RTX 3090 is 9.6 images/sec (effective batch 3) while using
only 1.2 GB VRAM. Segmenting the entire Estero Island, FL (~10 km?, 4016 images) took 2 min
19 s on an Intel® Core™ i9-13900K CPU and an Nvidia RTX 4090 (24 GB).

4.2 Quantitative Evaluation

We evaluated performance against consensus annotations (Sec. 2.3) on the test set (Hurricane Ida
images, unseen during training), split into debris-positive (125 images) and debris-free (148 images)
subsets (Sec. 2.2). Key metrics include Precision (accuracy of positive predictions), Recall (complete-
ness of positive predictions), Dice Coefficient (harmonic mean of precision/recall), and Intersection
over Union (IoU, overlap ratio).

Table 1: Segmentation performance on the Hurricane Ida test set (273 images unseen during training). 1: Higher is
better.

fCLIPSeg

Subset Metric CLIPSeg (Ours)
Dice 1 0.30 0.70
IoU 1 0.27 0.65
) . Recall [low-density] 1 0.00 0.33
Debris-positive o call [high-density] 1 0.92 0.82
Precision [low-density] 1 0.86 0.60
Precision [high-density] 1 0.10 0.87
Dice 1 0.74 0.99
Debris-free IoU 1 0.74 0.99
Recall [no debris] 1 0.93 1.00

Results (Table 1) compare our fCLIPSeg against the baseline CLIPSeg [24]. Baseline CLIPSeg
shows some capacity but is highly biased: insensitive to low-density debris (low recall) and inaccurate
for high-density debris (low precision). Fine-tuning significantly boosts performance: fCLIPSeg
achieves much higher Dice (0.70 vs 0.30) and IoU (0.65 vs 0.27) on the debris-positive set, showing
improved detection of low-density debris (better recall) and more accurate identification of high-
density debris (much higher precision). On the debris-free set, f{CLIPSeg approaches perfect Dice/loU
(0.99), indicating very few false positives, whereas baseline CLIPSeg frequently errs. These results
confirm the value of fine-tuning for improved accuracy and reduced bias.
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Figure 6: Visual comparison: Six examples from the Hurricane Ida test set ((a)—(d) debris-positive, (e)—(f) debris-free).
fCLIPSeg accurately segments debris unlike the baseline CLIPSeg.

4.3 Qualitative Evaluation

Visual comparison (Fig. 6) confirms the quantitative findings. Baseline CLIPSeg often mislabels
non-debris objects (vegetation, markings, reflections) and produces coarse segmentations, reflecting
its low precision for high-density and low recall for low-density debris. In contrast, f{CLIPSeg gen-
erally provides accurate segmentation across various scenes. It correctly identifies most low-density
debris in (a) and (b) and handles heavily damaged areas well (c). It appears to rely on high-level
features rather than simple brightness or shape cues, correctly classifying structured objects (c) and
complex non-debris textures like water reflections (f). Its high accuracy on non-debris objects aligns
with the high recall score for the debris-free subset (Table 1).

fCLIPSeg still makes minor errors, such as occasionally missing small debris fragments or assign-
ing density levels inconsistently with ground truth (examples from the test set shown in Fig. 6(d) and
Fig. 6(a), respectively), though their downstream impact is likely small; see Sec. 5.1 for discussions
on fCLIPSeg’s ability to generalize across a variety of conditions.

S DISCUSSION AND CONCLUSION

This section synthesizes fCLIPSeg’s debris segmentation performance, acknowledges limitations,
and outlines future research directions.
5.1 Generalizability and Transferability

Evaluations in Sec. 4 used a test set from Hurricane Ida regions entirely unseen during training
or validation, demonstrating model generalizability. Fig. 7 further illustrates fCLIPSeg’s robustness
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across varied conditions: severe impact with sandy backgrounds (Ian, Fig. 7(a)), less damage with
more vegetation (Ida, Fig. 7(b)), poor resolution and color calibration from older instruments (Ike,
Fig. 7(c)), and high-resolution drone imagery unseen during training (Fig. 7(d)). Despite challenges
like low contrast or domain shift, fCLIPSeg provided accurate segmentation, suggesting resilience to
factors like debris density, background, altitude, and sensor type.

RGB

fCLIPSeg

Ground Truth

No debris Low-density debris B High-density debris

Figure 7: Segmentation generalizability demonstration. fCLIPSeg produces accurate results across diverse conditions
from Hurricanes lan, Ida, and Ike, despite variations in impact, resolution, and imaging instruments.

5.2 Limitation and Challenges

Despite promising results, f{CLIPSeg has limitations. It may miss very small or occluded debris
fragments and occasionally misclassify visually similar textures (e.g., vegetation). While relatively
rare, these errors indicate potential for refinement, especially for ambiguous visual cues. Another
challenge is the diversity of post-hurricane conditions globally. While trained on several US hurri-
canes, incorporating data from more diverse geographic regions (unique construction, environments,
climates) could enhance generalizability and robustness.

5.3 Future Opportunities

Building on this work, several opportunities exist. First, developing predictive models to estimate
debris fields pre-landfall, potentially using our model’s outputs as ground truth for lower-resolution
forecasting, could enhance proactive planning. Second, integrating 3D data (LiDAR, photogramme-
try) could enable volumetric debris estimation, crucial for logistics and impact assessment. Lastly,
adapting the approach for lower-resolution satellite imagery could facilitate rapid, global-scale de-
bris mapping, using our high-resolution results as reference points to create a more equitable, widely
accessible tool.
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5.4 Conclusion

This paper introduced fCLIPSeg, a fine-tuned CLIPSeg model for robust, generalizable post-
hurricane debris segmentation using standard aerial RGB imagery. Incorporating multi-annotator
consensus, visual prompt engineering, and contrastive learning yielded substantial performance im-
provements over baseline CLIPSeg. The model adapts effectively to diverse debris densities, resolu-
tions, and environments.

Evaluations confirmed significant gains in precision and recall, validating the fine-tuning approach.
While occasional errors remain, motivating further work on generalizability (e.g., broader datasets),
fCLIPSeg provides a strong foundation. This work can enable near-real-time analysis and serves as a
stepping stone for predictive modeling, 3D volume estimation, and global debris mapping. The public
release of our model, code, and dataset aims to foster collaboration and enhance disaster preparedness
and recovery.
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