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Abstract

1. The recent widespread adoption of drones for studying marine animals provides

opportunities for deriving biological information from aerial imagery. The large
scale of imagery data acquired from drones is well suited for machine learning
(ML) analysis. Development of ML models for analysing marine animal aerial im-
agery has followed the classical paradigm of training, testing and deploying a new

model for each dataset, requiring significant time, human effort and ML expertise.

. We introduce Frame-Level Alignment and Tracking (FLAIR), which leverages

the video understanding of Segment Anything Model 2 (SAM 2) and the vision-
language capabilities of Contrastive Language-lmage Pre-training (CLIP). FLAIR
takes a drone video as input and outputs segmentation masks of the species of
interest across the video. Notably, FLAIR leverages a zero-shot approach, elimi-
nating the need for labelled data, training a new model or fine-tuning an existing

model to generalize to other species.

. We trained state-of-the-art object detection and instance segmentation models

on a new dataset of Pacific nurse sharks. We show that FLAIR massively outper-
forms these methods and performs competitively against two human-in-the-loop
approaches for prompting SAM 2, achieving a Dice score of 0.8. FLAIR readily
generalizes to other shark species without additional human effort and can be
combined with custom heuristics to automatically extract relevant information

including length and tailbeat frequency.

. FLAIR has significant potential to accelerate aerial imagery analyses, requir-

ing markedly less human effort and expertise than traditional machine learning
workflows, while achieving superior accuracy and generalization performance.
By reducing the effort required for aerial imagery analysis, FLAIR allows scien-
tists to spend more time interpreting results and deriving insights about marine

ecosystems.
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1 | INTRODUCTION

Large marine animals, such as sharks, influence ecosystems through
a variety of mechanisms as predators, nutrient transporters and
even prey, thus maintaining the balance of marine food webs, reg-
ulating species populations and promoting biodiversity (Dedman
et al., 2024; Heupel et al., 2014). Overfishing and other anthropo-
genic threats have greatly reduced shark populations, altering their
ecological roles and effects on ecosystems (Ferretti et al., 2010;
Stevens et al., 2000). Long-term monitoring of sharks and other large
marine animals is key to understanding how animal populations are
responding to human impacts and potential environmental shifts
caused by climate change (Torres et al., 2022). However, studying
sharks is challenging due to their elusive nature, vast ranges and the
inherent difficulties in observing their interactions in marine en-
vironments (Jorgensen et al., 2022). Thus, there is a need for new
technologies to enable further understanding of both their large-
scale and precise movement ecology.

Archival tags and acoustic telemetry are commonly used to study
shark behaviour across multiple spatial and temporal scales, but
tagging requires significant human effort and may be detrimental
to the well-being of tagged animals (Kohler & Turner, 2001; Matley
et al., 2024). Baited Remote Underwater Video Stations (BRUVS) are
another widely adopted method for obtaining data on shark pres-
ence and interactions (White et al., 2013). However, BRUVS are lim-
ited to capturing localized behaviour and are dependent on sharks
maintaining proximity to the deployment site.

The use of unmanned aerial vehicle (UAV) systems is emerg-
ing as a promising approach for the non-invasive study of voli-
tional marine animal behaviour and biometrics (Gray, Bierlich,
et al., 2019; Hodgson et al., 2013; Ramos et al.,, 2022; Torres
et al., 2022; Torres & Bierlich, 2020). Aerial imagery can be used
to compute biometrics such as length, body condition, tailbeat fre-
qguency and relative velocities, which can provide key information
about animal health (Bierlich et al., 2024), swimming kinematics
(DiGiacomo et al., 2023; Porter et al., 2020) and predator-prey

interactions (Hansen et al., 2022).

1.1 | Deep learning for marine ecology

Deep learning, the process of training large artificial neural networks
to learn complex functions from data, has important applications to
the study of aerial wildlife imagery (LeCun et al., 2015). Previous
works have used deep learning for the analysis of aerial imagery of
marine animals; however, they typically rely on specialized object
detection models (Eikelboom et al., 2019; Gray, Bierlich, et al., 2019;
Sharma et al., 2018).

Traditionally, object detection models have relied on
Convolutional Neural Networks (CNN) architectures and their
variants (Alzubaidi et al., 2021; Girshick, 2015; Li et al., 2021; Ren
et al., 2015). Perhaps the most popular object detection model with
a CNN backbone, You Only Look Once (YOLO) (Jocher et al., 2023),

is specialized for inference speed, treating object detection as a re-
gression problem. By predicting classes and bounding boxes in a sin-
gle pass, YOLO models are suitable for real-time applications. More
recently, the Detection Transformer (DETR) (Carion et al., 2020) has
achieved state-of-the-art results by integrating transformers into
the encoder and decoder of the model. This eliminates the need for
many hand-engineered components by doing direct set prediction of
object classes and bounding boxes. DETR leverages this global con-
text to achieve impressive results that rival non-transformer archi-
tectures. This is particularly beneficial in scenarios discussed in this
work, where multiple objects are in close proximity, such as groups
of sharks, or partially occluded by factors like glare or high turbidity.

Several studies have proposed using object detection mod-
els to track sharks in aerial imagery (Clark et al., 2025; Gorkin
Il et al., 2020; Sharma et al., 2018). One of the first works uti-
lizing neural networks to analyse aerial imagery of marine life
trained a vanilla CNN for sea turtle detection (Gray, Fleishman,
et al.,, 2019) and other works have used transfer learning (fine-
tuning a pre-trained CNN) to improve model performance
(Desgarnier et al.,, 2022; Gray, Bierlich, et al.,, 2019; Sharma
et al., 2018). Other studies have trained segmentation models to
identify marine animals and extract biometrics from UAV imagery
(Bagchi et al., 2025). DeeplLabCut, a deep neural network-based
framework for markerless pose estimation on animal videos, is an
alternate approach for extracting biometrics from UAV imagery
(Mathis et al., 2018). DeepLabCut has been used to estimate bio-
metrics of white sharks (including length and tail beat frequency)
from UAV videos (DiGiacomo et al., 2023).

Standard object detection and segmentation models require
large datasets of high-quality human-annotated data to train mod-
els. Furthermore, they often do not generalize well, performing
poorly when the inference data distribution differs from the mod-
el's training data (Koh et al., 2021). In contrast to conventional ap-
proaches, we leverage foundation models (i.e. large deep learning
models trained on internet-scale datasets) for marine animal tracking
and biometric analysis from aerial imagery (Bommasani et al., 2021).
The key advantage of using pre-trained foundation models is that
they can be deployed zero-shot. That is, they do not require dataset
curation or training to adapt to new data and require significantly
less human effort and expertise to use. There is a notable lack of
adoption of foundation models for the study of marine animals from
UAV imagery, but recent works have used Segment Anything Model
for surveying biometrics of whales and sharks from UAV imagery
(Bagchi et al., 2025; Bierlich et al., 2024; Clark et al., 2025; Kirillov
et al., 2023).

In this work, we explore methods for automatically computing
segmentation masks and downstream biometrics for sharks using
Segment Anything Model 2 (SAM 2), a pre-trained foundation model
for promptable image and video segmentation (Ravi et al., 2024)
and Contrastive Language-Image-Pretraining (CLIP), an approach
for learning shared representations between natural language and
pixels (Radford et al., 2021). We present a new method, Frame
Level Alignment and Tracking (FLAIR), that uses SAM 2 and CLIP
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FIGURE 1 A map of the sites where drone video data for the Pacific nurse shark dataset was collected in Santa Elena Bay, Guanacaste,
Costa Rica (a). Inset map in (b) shows the Santa Elena Bay study area (c), in which the yellow and orange dots represent the pre-planned flight

path locations at Sortija Beach and Matapalito Beach, respectively.

to generate accurate segmentations for several shark species across
different environments, leveraging a zero-shot approach that elim-
inates the need for annotating data, training or fine-tuning. These
segmentation masks can be used to compute tailbeat frequency,
length, mass, velocities and other downstream biometrics for arbi-
trary shark species.

We test our approach predominantly on a dataset of the Pacific
nurse shark (Ginglymostoma unami) from Santa Elena Bay (North
Pacific coast of Costa Rica), demonstrating how our method can
be used to help better understand the movement ecology of an en-
dangered and understudied species (Madrigal-Mora et al., 2024).
We compare segmentation accuracy of FLAIR with multiple ap-
proaches, including prompting SAM 2 with a human in the loop,
as well as prompting SAM 2 with state-of-the-art object detection
models.

Our study suggests that FLAIR is capable of generalizing to other
species and we show that FLAIR segmentations can be used to mea-
sure biometrics including length and tailbeat frequency. Notably,
FLAIR does not require any training or fine-tuning to generalize to
other species, highlighting its potential applicability across diverse
ecosystems.

2 | MATERIALS AND METHODS

2.1 | Dataset
Drone videos of Pacific nurse sharks were filmed at two field sites
(Matapalito Beach and Sortija Beach) in the coastal waters of the
Eastern Tropical Pacific Ocean, in Santa Elena Bay, Costa Rica
(Figure 1a,b). Data were collected from 2022 to 2024, over a period
of 23months, with varying water visibility (turbidity), illumination
and wind/wave conditions (Figure 2a). Images were collected at each
site by flying a DJI Mavic 2 drone on a pre-programmed path, record-
ing a continuous video at 30FPS and 3840x 2160 resolution. The
drone stopped at predetermined waypoints for 3s each (Figure 1c,
yellow and orange dots). Fieldwork was conducted under Costa
Rican research permits ACG-PI-021-2017 and ACT-OR-DR-068-18,
and all animal procedures were approved by the California State
University, Long Beach IACUC (project C1127, protocol 36607066).
More than 6h of video was recorded in total, during 60 drone
surveys, resulting in 648,000 total frames captured. To our knowl-
edge, this is one of the largest open-access datasets of nearshore
shark aerial drone imagery. This nurse shark dataset was pruned to
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FIGURE 2 Automated biometrics workflow with FLAIR. Inputs
are italicized and in green, outputs are bolded and in blue. (a)
Representative frames from the Pacific nurse shark UAV video
dataset. Tests of generalization of FLAIR beyond our study site and
selected species was conducted with crowdsourced videos of a
white shark (b) and a blacktip reef shark (c).

include a diverse set of 7 videos from the two sites. Ground-truth
bounding boxes were added for each shark with the Computer
Vision Annotation Tool (CVAT) (CVATteam, 2020). The images from
Videos 1 and 2 (henceforth referred to as the holdout videos) were
completely separated from the rest of the dataset, as a test for gen-
eralization. The other 5 videos were time-blocked such that each 45
adjacent frames of a video were held together when the data was
split into training, validation and test sets. This time-blocking was
done to minimize occurrences of consecutive frames being present
in the training and test set, which would artificially inflate models'

performance metrics. Before object detection and instance segmen-
tation model training, images were rescaled to 1080x1080 pixels
and standard data augmentation techniques, including random rota-
tion, brightness and hue adjustments, were applied.

Excluding the images from the holdout videos, our object de-
tection dataset contained 9200 unique positive examples (images
containing sharks) and a corresponding 27,000 unique negative ex-
amples (images containing no sharks). We selected 9200 negative
examples, so that our dataset contained an equal ratio of images
with and without sharks. The dataset was then randomly split into
training, validation and test sets, in a [80-10-10] ratio, maintaining
the images in these 45-frame time blocks. The resulting dataset used
for training and testing the object detectors contains 18,400 total
images.

For end-to-end instance segmentation, 500 images containing
sharks were randomly selected from the 5 training videos, and each
instance of a shark was labelled with a ground-truth segmentation
mask in CVAT. These 500 images were split into training and valida-
tion sets in an [85-15] ratio.

Object detection models were evaluated on a test set from
the 5 training videos, as well as the 2 holdout videos. The instance
segmentation model was tested on the 2 holdout videos, and the
training-free approaches—Per-frame Prompting, HilL-Tracking and
FLAIR—did not require training and were thus tested on all 7 videos.
For computational efficiency, smaller sub-videos containing sharks
were used as input into these pipelines, each ranging from 20 to 80s
in length. This trimmed dataset was used for precision and recall
metric comparisons across all methods. A random sampling of 100
frames from the 2 holdout videos and 200 frames from the other
5 videos was annotated for segmentation ground-truth masks and
biometrics using CVAT, as described in Section 2.5. These ground-
truth masks were used to compute the accuracy of segmentation
across methods.

To test the generalizability of FLAIR, two UAV videos licensed
under Creative Commons Attribution were sourced from YouTube—
one of a white shark (Carcharodon carcharias) in Southern California,
USA (Video W) and one of a blacktip reef shark (Carcharhinus mela-
nopterus) in the Great Barrier Reef, Australia (Video B) (Figure 2b,c).
Full attribution to the original creators of these videos is provided
in the Supporting Information. Segmentation mask ground truths
and biometrics were manually annotated on 25 random frames from
each of the two videos. Table S1 contains a concise summary of all
datasets used in this study.

2.2 | Baselines

2.21 | Per-frame prompting

Per-frame prompting requires a human annotator to label bounding
boxes for sharks in every frame of a video, which is effective for

accurate object detection but extremely laborious (Figure 3a). We
hand labelled bounding boxes in CVAT, prompting SAM 2 Image

SUONIPUOD PUE SWLR L 31 39S *[5202/80/7T] U0 Aeiq1TauUIIUO A8 (1M 314 BISOD 8URIYI0D AQ 9TTOL XOTZ-TFOZ/TTTT OT/I0p/L0Y Ao | 1M ALe.q1UIIUOS [eLNO 590)//:SUNY WO POPeO|uMOQ ‘0 *XOTZTYOZ

100+ A1 IM ARG jBUIUO/'Sck

5UBD17 SUOWIWOD) dAIIea1D) 3|eal|dde au Aq pausenob e sapilie YO ‘8sn JO sa|nJ oy Akl auluQ 8|1\ UO (SUO I} IpLOD-pUe:



LALGUDI ET AL.

*Requires human input

@) Per- A ‘\

Go) Object S

2

(c) Instance K

B Methosin Ecology and Evoluion

@) HiL

Y4

V< \\

o _ a S L oV || @Far & "a
Frame LOW HIGH Detection ow hicn Segmentation :}H Tracking vaj [iGH LoN  HiGH
Prompting EFFORT EFFORT EFFORT EFFORT EFFORT
Annotate all Annotate train set Annotate train set R(Ienii:iat:i;?zgam?:;n '
bounding boxes bounding boxes masks : lost I TTETT
1 l : : 1 ‘
T = 2 oy SAM2 Mask Gen
W [ Wl . :
r:v‘ D A S x g X Ry ok x !
sssssnssnnsussnnsusssnss R I I e A B e A BN B = = =z ccccccucas CLIP
............ N N | |
SAM2 Mask Gen : : i
............ l:: l: BANME Yidoe Pred SAM2 Video Pred &
__________ l ! El | Mask Alignment
@ T
5' e ' t” Object Detector g Mask R-CNN >§ 7 > +- P
------------ ! b2 1 | [— & < Mask pruning
SAM2 Mask Gen | 8 Y l t” !
» ey ]|
.......... l L/ K Repeat }Jntil &. tr ' ta
; 1 IZ-: J end of video
N AN i AN

VAN VAN J

FIGURE 3 Summary of segmentation methods compared in our experiments for Per-frame Prompting with SAM 2 Mask Generation
(a), Object Detection models paired with SAM 2 Mask Generation (b), Instance Segmentation with a Mask R-CNN (c), Human-in-the-Loop
Tracking with SAM 2 Video Prediction (d) and FLAIR (e). Steps requiring human input/effort are shown in red. Effort is shown in the upper

right of each figure.

Predictor with each frame and corresponding bounding boxes to get
masks for sharks in every image. Notably, the segmentation aspect
of this method does not utilize video understanding, as each frame

was segmented as an individual image.

2.2.2 | Object detection models

As object detection models require less manual labelling effort than
instance segmentation models, we evaluated the performance of
object detectors in tandem with SAM 2 for segmentation tasks. We
trained a series of object detection models to prompt SAM 2, pre-
dominantly leveraging the Detectron2 model library (Wu et al., 2019).
First, we employed several R-CNN model architectures—two-stage
detectors that are optimized for accuracy, in contrast to many one-
stage detectors that prioritize inference speed (Girshick, 2015).
We trained several R-CNNs with various backbones (ResNet and
ResNeXt architectures) and Feature Pyramid Networks (FPN), which
enhance detection of objects of various scales in images.

We also trained DETR and YOLOvV8 models for shark detection
(Carion et al., 2020; Jocher et al., 2023). All object detection models
were pre-trained on the Imagenet dataset (Deng et al., 2009). The
pre-trained medium YOLOv8 model was trained for 40 epochs using
default hyperparameters (until loss converged). DETR was trained
for 120 epochs, and the rest of Detectron models were trained
for 40 epochs each—all with a maximum of 100 objects detected
per frame. Each frame, SAM 2 was prompted with bounding boxes
output from the object detector to generate segmentation masks
(Figure 3b).

2.2.3 | Instance segmentation models

To evaluate end-to-end instance segmentation models, we trained
a Mask R-CNN with a ResNeXt-101 architecture and an FPN neck
using the Detectron2 library. As shown in Figure S2, the model
was pre-trained on the COCO dataset (Lin et al., 2014) and trained
for 3000 iterations (14 epochs) until loss converged using default

hyperparameters.

2.3 | Human-in-the-loop (HiL) tracking

In human-in-the-loop tracking, a human manually annotates a
bounding box in the first frame a shark is identified and then SAM
2 is used to track the segmentation through the remainder of the
video or until the object is lost (Figure 3c). When the object is no
longer detected by SAM 2, the annotator re-initializes the segmen-
tation track with a bounding box. CVAT was used for bounding box
initialization.

24 | FLAIR

Our proposed method, FLAIR, is an autonomous framework for
object tracking—integrating frame-level alignment and video un-
derstanding with language prompts, as illustrated in Figure 4. First,
individual frames of the video are sampled at a uniform time interval
and are passed into the SAM 2 Automatic Mask Generator. In this
work, time intervals of 30 frames (1s) were used. SAM 2 Automatic
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FIGURE 4 Detailed overview of FLAIR architecture. Input video is passed into SAM 2 Mask Generation to segment all objects, which are
then filtered by CLIP score given language prompts. Candidate masks are propagated through their window and aligned to eliminate false
positives; then a manual mask pruning step further eliminates false positives, resulting in accurate tracking of objects of interest.

Mask Generator generates masks for all possible objects in the image
by sampling single-point inputs in a grid, filtering and de-replicating
candidate masks and performing further processing for improved
quality. Bounding boxes are generated for each mask in the frame and
used to crop corresponding image regions. These regions are then
passed into CLIP, along with prompts that were tuned for this task.
The specific prompts used are included in Supporting Information.
The prompts were held constant across all of the nurse shark videos,
as well as the white and blacktip reef shark videos, highlighting the
generalizability of this method. Each region is assigned a probability
associated with every prompt and all regions with a probability as-
signed to the shark prompt greater than 0.95 are kept as candidate
sharks. Frames with their corresponding candidate regions are then
initialized in SAM 2 Video Prediction to track the candidate sharks
through the video, propagating to both prior and future frames.
This video tracking is performed at every time interval. As a mask
is tracked through the video, if it overlaps with another candidate
mask track initialized in a different time step with an IOU greater
than 0.7, the masks are determined to be aligned and thus declared
a true positive mask for a shark. For example, we see in Figure 4 that
the false positive mask (in green) was propagated through the second
time interval track, but was not present in any other tracks. Thus, it
was not classified as a true shark mask during alignment.

The duration over which each candidate mask is propagated
is controlled by a hyperparameter termed the window length. We
evaluated multiple window lengths, finding that shorter windows
reduced inference time, while longer windows improved the detec-
tion of true positives (Figure S1). The optimal window length for this
task was determined to be 3s, maintaining accuracy comparable to
full-video propagation. Masks classified as true positives were prop-
agated for the specified window length across the video, or until the
mask disappeared. This approach ensures complete tracking of ob-
jects without requiring propagation across the entire video, balanc-
ing efficiency and tracking accuracy.

Lastly, a brief mask pruning step is conducted to filter poten-
tially erroneous masks, providing an additional layer of quality
control through manual inspection. This involves reviewing the
mask tracks and selecting those that correspond to objects of in-
terest. FLAIR performance was evaluated with and without this
final pruning step.

FLAIR's advantage stems from the relatively small number of
false positives that CLIP identifies as potential sharks. Although
these false positives can be propagated through the video from a
single frame, the same candidate shark mask will likely be absent at
future time intervals. Thus, they will not be aligned across tracks—in-
creasing robustness and generalizability.
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TABLE 1 Performance metrics (mean Average Precision and Recall at IOU thresholds) of bounding boxes predicted by YOLOv8, DETR,
HiL-Tracking, FLAIR without mask pruning and FLAIR on the holdout videos.

Video 1 Video 2

mAP mAR mAP mAR
Model [0.5:0.95] [0.1] [0.5:0.95] [0.1] [0.5:0.95] [0.1] [0.5:0.95] [0.1]
YOLOv8 0.19 0.75 0.28 0.76 0.02 0.03 0.01 0.03
DETR 0.14 0.88 0.24 0.89 0 0 0 0
Mask R-CNN 0.04 0.76 0.11 0.91 0.02 0.16 0.03 0.21
HilL-Tracking 0.05 0.93 0.13 0.95 0.22 1 0.3 1
FLAIR w/o pruning 0.07 0.93 0.17 0.96 0.05 0.16 0.38 1
FLAIR 0.07 0.93 0.17 0.96 0.26 0.9 0.38 1

All analyses were performed using the SAM 2 Hiera Large model
on a single NVIDIA L40 GPU. FLAIR requires a minimum of 12GB
of GPU memory and is compatible with a standard NVIDIA T4 GPU
(accessible in Google Colab for free). We recommend using NVIDIA
L4 or L40 GPUs.

2.5 | Biometric measurements

Tailbeat frequency (TBF) and length were computed from FLAIR-
predicted masks and compared against manual calculations for a sin-
gle individual of each species: a Pacific nurse shark, a blacktip reef
shark, and a white shark from open-access videos. Methods for man-
ual measurement for length and TBF are detailed in the Supporting
Information. To estimate the length of the shark along its centreline,
we first obtain the segmentation mask from FLAIR or HiL. The mask
is skeletonized using Zhang's method (Zhang & Suen, 1984), which
thins the mask around the boundaries over successive passes, even-
tually obtaining the skeleton of the mask. The total length of the
skeleton is calculated by traversing each point on the backbone, ex-
tending the skeleton to include the distal ends of the mask. Lengths
are then converted from pixels to meters using Equation S1. Due
to the unavailability of drone metadata, biometrics calculations pre-
sented in this work should only be used as an example of the capa-
bilities of this workflow and not to draw scientific conclusions.

To calculate TBF, the two furthest points in the mask were iden-
tified, with the point closer to the centre of mass (COM) of the mask
assigned as the head and the further point deemed the tail. The centre
axis of the shark was calculated as the vector from the head point to
the COM. The orthogonal distance between the end of the tail and the
centre axis is calculated as the magnitude of the orthogonal component
of the vector from the COM to the tail relative to the centre axis. This
distance is calculated for every mask in each frame of the video, and
smoothing is performed by applying a Savitzky-Golay filter across the
distances. Then, local extrema above a constant prominence threshold
were identified. The first point where the curve intersects the centre
axis between each pair of local extrema is classified as a crossing. The
tail beat period is calculated as the time between every other crossing
of the central axis and the TBF as the reciprocal of the period.

3 | RESULTS
3.1 | Object detection

We evaluated our suite of object detection models on a test dataset
to assess the models' ability to learn representations, as well as two
holdout videos to assess the generalizability of the models.

Both YOLO and DETR performed better on the test set than the
trained Faster R-CNN models with Feature Pyramid Network and
Dilated-C5 backbones, with complete results presented in Table S2.
It is important to note that although mean Average Precision (mAP)
and mean Average Recall (mAR) averaged across Intersection over
Union (IOU) thresholds of 0.5 and 0.95 are traditionally used as per-
formance metrics for object detection models, we found that it is
not necessary for predicted bounding boxes to have a high IOU with
ground-truth boxes to obtain accurate results on downstream seg-
mentation and biometrics tasks.

As seen in Table 1, YOLOv8 and DETR had high precision and
recall at lower IOU thresholds on holdout Video 1, but both per-
formed extremely poorly on holdout Video 2, with a mean Average
Recall at an IOU threshold of 0.1 (mMAR@0.1) being 0.03 and O,
respectively. The Mask R-CNN model demonstrated strong per-
formance on Video 1, but similar to the object detection models,
had low accuracy on Video 2, achieving a mAR@0.1 of 0.21. Both
FLAIR and HiL achieved high recall in Video 1 and significantly
outperformed object detection and instance segmentation models
in Video 2, reaching a mAR@0.1 of 1. FLAIR achieved substantially
higher precision in Video 2 compared to its variant without the
additional mask pruning (0.90 vs. 0.16 at mAP@0.1), highlighting

the importance of this step.

3.2 | Shark segmentation

Beyond object detection, segmentation accuracy is an especially
relevant metric for evaluating the performance of models on down-
stream scientific tasks, such as biometrics. Dice score was used to
evaluate segmentation performance, which measures the spatial
overlap between the predicted and ground-truth masks, with a
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FIGURE 5 (a) Dice score comparison of Per-frame Prompting+SAM 2, YOLOv8 + SAM 2, DETR+SAM 2, Mask R-CNN, Hil-
Tracking+SAM 2 Video and FLAIR on 2 holdout videos of nurse sharks. Object detector methods have near-zero segmentation accuracy on
the second video. (b) Dice score comparison of Per-frame Prompting, HiL-Tracking and FLAIR on 5 videos containing nurse sharks. FLAIR has
competitive performance with both methods that require a human in the loop.

value of 1 indicating perfect agreement and O indicating no overlap.
All models had relatively high Dice scores for Video 1, as it was
taken on the same day and location as two of the training videos
(Figure 5a). However, both object detectors (YOLOv8 and DETR)
were unable to identify bounding boxes in Video 2, which was
taken on a different day, resulting in substantially lower segmenta-
tion accuracy. The Mask R-CNN outperformed object detectors on
Video 2, but had considerably lower segmentation accuracy than
Hil-Tracking and FLAIR. On Video 2, Per-frame Prompting, Hil-
Tracking, FLAIR had high Dice scores of 0.780, 0.839 and 0.807,
respectively (Table S3).

HiL-Tracking and FLAIR both outperform Per-frame Prompting
on videos 3-7, with mean Dice scores of 0.847, 0.821 and 0.796,
respectively. FLAIR even surpasses Hil-Tracking and Per-frame
Prompting on videos 3 and 7, thus highlighting the advantage of
using video understanding in instance segmentation. Both FLAIR
and Hil-Tracking generated accurate segmentations for the white
and blacktip shark videos as well, with Dice scores of 0.919 and
0.881, respectively (Table S3).

3.3 | Biometrics case study

Body length and tailbeat frequency (TBF) were calculated from
FLAIR and HilL-Tracking masks for sampled frames from three indi-
vidual videos of a white shark, a Pacific nurse shark and a black-
tip reef shark. These measurements were compared to manual
measurements of body length and TBF. The FLAIR-predicted body
lengths align closely with the manually measured lengths, as these
values are tightly concentrated around the line y=x in Figure 6a. For
each species, the distributions of FLAIR and HilL-Tracking-predicted
body length are nearly identical, and they closely follow manually
measured body length (Figure 6e-g). The body lengths derived
from FLAIR-predicted masks (reported as mean+standard devia-
tion) for the white shark, Pacific nurse shark and blacktip reef shark,

were 5.3+0.8m, 1.5+0.1m and 1.0+0.3m, respectively. Similarly,
the body lengths derived from manual annotation for the white
shark, Pacific nurse shark and blacktip reef shark, were 5.0+0.8m,
1.4+0.1m and 1.0+0.3m, respectively. In addition, visual inspec-
tion of masks and predicted centrelines shows accurate segmenta-
tion and centre line estimation of the sharks (Figure 6b-d). The large
variance in white shark and blacktip reef shark length measurements
is due to the unavailability of drone metadata for these open-access
videos. The drone metadata (camera zoom and angle, drone altitude,
etc.) varied throughout these videos, but were assumed to be con-
stant. Recording drone metadata for each video and maintaining
constant altitude and nadir camera angle is recommended for more
systematic biometrics analyses.

Tail beat frequency was calculated by analysing the raw tail dis-
placement signal relative to the centre line, as shown in Figure 7a-c.
Tail displacement signals and TBF measurements for FLAIR and HiL
were nearly identical. TBF predicted from FLAIR very closely fol-
lowed manually calculated TBF, with a mean error of 2.1% across all
three species. All FLAIR-predicted TBF measurements were within
7% error from the manual measurements. TBF was relatively con-
stant for nurse and white sharks across time, but increased in the
blacktip shark across the video, peaking at 0.86 tail beats per sec-
ond, corresponding to 1.16s per tail beat. (Figure 7d). Additional
details on biometrics measurements are available in the Supporting
Information section.

3.4 | Efficiency comparisons

We assessed the manual annotation time required across meth-
ods. For frames with at least one shark present, labelling bounding
boxes took an average of 10.5s per frame, while labelling segmen-
tation masks took an average of 45s per frame. At training time,
the object detectors used a dataset of 9200 images with sharks,
which took approximately 27 h to label with bounding boxes. The
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FIGURE 6 (a) Comparison between manual length measurements and automated length calculation from FLAIR masks across three

shark videos for (b) Pacific nurse shark, (c) blacktip reef shark and (d) white shark. Violin plots show the distribution of length measurements
measured manually and calculated from FLAIR and HiL masks from sampled frames across white shark (e), Pacific nurse shark (f) and blacktip
reef shark (g) videos. Internal box plots show the median (white horizontal line), interquartile range (25th-75th percentile, grey rectangles)
and the grey vertical lines extend to the minimum and maximum. This analysis is limited to one shark per species. The observed variation in
lengths for each shark may be attributable to the absence of relevant drone metadata.

Mask R-CNN was trained with 500 images containing sharks,
which took approximately é6h to label with segmentation masks.
In addition, significant engineering effort (on the order of days)
was required for training and validating the object detection and
instance segmentation models. Per-frame prompting and Hil-
Tracking require no manual effort or computational resources at
training time.

FLAIR requires some degree of CLIP prompt engineering and hy-
perparameter tuning. The extent of manual effort varies with the
complexity and diversity of the visual environment of the dataset.
However, tuning can be conducted on a small (and representative)
subset of the data and does not require further manual effort when
applying FLAIR to additional videos. In practice, applying FLAIR to
new aerial datasets required less than 5min of tuning to achieve ex-
cellent performance.

Computational inference times across methods were measured
for a 5-min-long, 30 FPS video (9000 total frames) in which four
sharks were present at various points. Since the video had sharks
present in 1710 frames, manual labelling of segmentation masks
would take approximately 21 h. Object detection methods required
8min to generate masks for the entire video, while instance segmen-
tation using Mask R-CNN took around 18 min. In contrast, per-frame
prompting was considerably slower, estimated at approximately 5h.
Approaches using video understanding (HiL and FLAIR) were more
efficient, completing in 19 and 54 min, respectively. FLAIR optionally
supports manual mask pruning, enabling users to eliminate all false

positives in under a minute. Additional details on inference time cal-
culations are available in the Supporting Information.

The total runtime for FLAIR is primarily determined by two
stages: SAM 2 Automatic Mask Generation and SAM 2 Video
Propagation, while CLIP filtering contributes negligibly to overall
processing time. The duration of the Automatic Mask Generation
phase scales linearly with video length, while the time for Video
Propagation depends on the number of object candidates retained
after CLIP-based filtering. This dependency reflects both the num-
ber of actual objects present in the video and the effectiveness of
the CLIP text prompts used. As shown in Figure S1, the majority of
the runtime is attributable to the Automatic Mask Generation step,
which remains constant across all window lengths. As segmentation
methods continue to advance—particularly with the introduction of
batch processing and other optimizations—this stage will become
increasingly faster, ultimately enabling frame alignment techniques

like FLAIR to operate in real time.

4 | DISCUSSION

In this study, we present FLAIR, an automated text-prompted in-
stance segmentation method that markedly improves the efficiency
of studying marine animals in aerial drone videos. We found FLAIR
performed better than several state-of-the-art object detection and
instance segmentation models, achieving higher detection rates
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for all 3 species of shark.

across visually challenging videos in a zero-shot manner. Traditional
object detection methods like YOLOv8 and DETR rely on large,
diverse training datasets to generalize across videos with varying
conditions—resources that are often unavailable for species lack-
ing extensive datasets. Training these models also requires signifi-
cant annotator and engineering effort. Despite the substantially
reduced manual effort required, FLAIR and HilL-Tracking segment
sharks accurately across a diverse set of videos containing Pacific
nurse sharks, blacktip reef sharks and white sharks (Table S4). Given
the scarcity of diverse aerial drone datasets for marine animal re-
search, FLAIR offers an accessible solution for automated analyses
(Weinstein, 2018).

We also show that FLAIR segmentations enable biomet-
ric analysis of shark imagery, including computation of animal
length—which is essential for understanding shark population de-
mographics. Shark speed, tail beat frequency and other kinematic
measurements can also be estimated using FLAIR. These biometric
estimates from aerial imagery can be monitored across time and
habitat changes, and studied in combination with biological meta-
data to assess fine-scale predator-prey interactions, cooperative
behaviour and more (Andrzejaczek et al., 2019; Gleiss et al., 2009;
Whitney et al., 2010).

The primary limitation of segmentation-based tracking methods
is the accuracy of the segmentations themselves, which can im-
pact downstream biometric estimates. When a shark is swimming
near the seafloor in very shallow water, SAM 2 will occasionally
segment the shadow of the shark along with the shark itself. In tur-
bid water, the pectoral and caudal fins are occasionally left out of
the segmentation, or the caudal lobe will be segmented separately
from the rest of the body. In addition, obtaining precise biometrics
from segmentation masks may be challenging in aerial videos where
drone metadata is not available. Ultimately, the quality of the drone
aerial imagery has a significant effect on the accuracy of detection
and segmentation for any marine and terrestrial species (Ramos
et al., 2022).

Approaches that rely on foundation models, like FLAIR, may suf-
fer from increased computational costs at inference compared to
object detection and instance segmentation models and may require
higher-performance GPUs. We found that for a 5-min video, FLAIR
took 3 times longer to generate segmentation masks than a fine-
tuned Mask R-CNN. However, we found that FLAIR outperformed
the Mask R-CNN on object detection and segmentation tasks. FLAIR
also produced biometric results comparable to manual measure-
ments, consistent with the findings of (Bierlich et al., 2024). Notably,
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SAM does not always outperform fine-tuned Mask R-CNNs in seg-
menting marine megafauna from UAV imagery, as found in a recent
study of right whales (Bagchi et al., 2025). However, frameworks
centred on foundation models (such as FLAIR) can readily gener-
alize in the face of shifting distributions and even when applied to
new species. In instances where accuracy on a fixed, in-distribution
dataset is prioritized over generalization, specialized segmentation
models may outperform foundation model-based approaches. A hy-
brid approach could use FLAIR to generate masks from a small sub-
set of video frames, eliminating the need for human annotation of a
training set. These masks could then be used to train a segmentation
model (e.g. Mask R-CNN) that enables efficient analysis of footage
with minimal inference time and computational cost.

The core advantage of FLAIR is its potential to generalize to new
marine and terrestrial aerial datasets. This pipeline is directly appli-
cable to the tracking of any animal or object from aerial imagery. To
demonstrate the generalizability of FLAIR beyond marine settings,
we applied the framework to a dataset of aerial videos of Grévy's
zebras in open plains (Price et al., 2023). Despite shifts in habitat
and visual occlusions, FLAIR consistently tracked individual zebras
across frames. Using aerial imagery to study wildlife allows for non-
invasive tracking and observation, capturing dynamic information
about animal biomechanics, interactions and behaviours (Bierlich
et al., 2024; Gray, Bierlich, et al., 2019; Hansen et al., 2022; Torres
et al., 2022). We hope that this framework will be applied across
diverse ecosystems and species, providing a scalable solution for
addressing conservation challenges, informing policy and fostering
sustainable management practices in both marine and terrestrial en-
vironments (Buchelt et al., 2024; Stark et al., 2018).

Deep learning is transforming ecological research by enabling sci-
entists to process and analyse massive datasets of wildlife imagery.
Integrating state-of-the-art foundation model frameworks to derive
biological conclusions and understand fine-grained changes in eco-
systems should be a priority. The methods presented here, namely
FLAIR, allow for automated detection and tracking of animals from
aerial imagery, along with streamlined pipelines for downstream bio-
metrics. As foundation models become increasingly powerful and
efficient, we expect that methods like FLAIR will be scalable tools

for understanding complex ecological interactions.
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SUPPORTING INFORMATION

Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Table S1. Metadata for all videos used in this study.

Table S2. Performance Metrics (Average Precision and Recall at IOU
thresholds) of various object detection models on the test set.
Table S3. Performance metrics (Dice Score) of segmentation masks
predicted by GT+SAM2, YOLOv8+SAM 2, DETR+SAM 2, and
FLAIR on all videos.

Table S4. Summary of methods by human effort, inference time, and
generalization performance.

Figure S1. (a) Total runtime for FLAIR as a function of window

size in seconds. Longer window lengths, particularly N (video

frames
length), have much longer inference time. (b) Dice scores from
FLAIR-derived segmentations as a function of window size. There
are diminishing returns beyond a certain window length threshold
of 3.

Figure S2. Total loss and Mask R-CNN training accuracy across

training iterations.
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