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Integrated approaches for monitoring sharks: Leveraging machine
learning, big data, and molecular biology

Jeremy F. Jenrette

(ABSTRACT)

Sharks are ecologically important predators facing severe global declines, yet conserva-

tion and management are hindered by data deficiencies in taxonomy, distribution, and abun-

dance. In this dissertation, I develop and integrate complementary technological approaches:

machine learning, big data workflows, and molecular techniques—to expand scalable, non-

invasive monitoring of sharks with programmatic and practical field methodologies. First, I

constructed the largest global shark image dataset to date and developed the Shark Detector,

a pipeline combining object detection and hierarchical classification. This system automati-

cally locates, identifies, and classifies sharks in heterogeneous media, achieving >90% recall

for detection and up to 92% species-level classification accuracy across 80 species, outper-

forming existing biodiversity classifiers. Second, we refined these methods for ecological sur-

vey applications by packaging the models into sharkDetectoR (R package) and SharkByte

(desktop application), enabling accessible, semi-automatic processing of baited remote under-

water videos (BRUVs). These tools reduced annotation effort by up to 95% while preserving

high taxonomic resolution, and demonstrated iterative improvement through survey-specific

data boosting. Third, I designed scalable pipelines to mine and filter >5 million social net-

work (Instagram, Flickr) and open source (iNaturalist and Global Biodiversity Information

Facility) posts and >600k opportunistic shark observations. By pairing automated classifica-

tion with effort-standardized statistical models, I derived species-specific abundance indices

that revealed regionally consistent population trends: increasing trajectories for coastal taxa



in the Bahamas, and recent declines of reef-associated sharks in the Hawaiian Islands. Fi-

nally, I piloted molecular monitoring of critically endangered white sharks (Carcharodon

carcharias) in the Mediterranean Sea using complimentary Environmental DNA detection

and validation workflows. I collected 204 samples across the Sicilian Channel, Adriatic and

Ligurian Seas, and detected white sharks at four stations. Detections were confirmed in

the lab. Particle simulations identified the detected individuals as nearby for the purpose

of tracking them in the field. A preliminary multi-species assay detected 12 elasmobranch

species. These workflows provided novel spatiotemporal insights into white shark (and other

elasmobranch) occurrence in hypothesized hotspots. Together, these chapters demonstrate

how integrated computational and molecular approaches can overcome data limitations, pro-

vide reproducible ecological indices, and inform conservation of threatened shark populations

in data-poor regions.



Integrated approaches for monitoring sharks: Leveraging machine
learning, big data, and molecular biology

Jeremy F. Jenrette

(GENERAL AUDIENCE ABSTRACT)

Sharks are vital to healthy oceans but remain among the most threatened and data-

poor groups of animals, largely because they are difficult to monitor. This dissertation

develops new ways to study sharks using artificial intelligence, online citizen science data, and

Environmental DNA. I built the largest collection of shark images ever assembled and trained

computer models to automatically find and identify species in photos and videos, making

surveys faster and more accurate. I created tools that allow researchers and citizen scientists

to process underwater footage on their own computers, greatly reducing the time required

to review hours of video. By analyzing millions of shark images shared on Social Networks

and biodiversity websites, I uncovered patterns of abundance that reflect real population

trends. I identified coastal shark numbers rising in the Bahamas but declining around

the Hawaiian Islands. Finally, I tested Environmental DNA techniques to detect critically

endangered white sharks (Carcharodon carcharias) in the Mediterranean Sea, successfully

finding their genetic traces in the Sicilian Channel, Adriatic and Ligurian Seas. Together,

these approaches show how combining big data, machine learning, and molecular methods

can fill major knowledge gaps and provide new tools to protect sharks worldwide.
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Chapter 1

Introduction

1.1 The Problem: Deficiency of Shark Observational

Data

Sharks are among the oldest and most evolutionarily resilient vertebrates on Earth, having

persisted for over 400 million years and survived multiple mass extinctions [35]. Despite this

evolutionary success, modern shark populations are declining at alarming rates. Since 1970,

global abundance of oceanic sharks and rays has decreased by more than 70%, driven primar-

ily by overfishing, bycatch, and habitat degradation [117]. This crisis has been compounded

by the effects of climate change and anthropogenic effects [44, 68].

Sharks are characterized by slow growth, late sexual maturity, and low fecundity, ren-

dering them particularly vulnerable to overexploitation [146]. Yet, while their ecological

importance as apex and mesopredators is well established, fundamental knowledge of pop-

ulation size, structure, and distribution remains incomplete for most species [31]. Nearly

half of all assessed shark species are listed as threatened or data deficient by the IUCN [44].

This lack of standardized, high-resolution data limits the ability to assess trends, predict

extinction risk, and develop effective management strategies.

Conventional monitoring approaches—such as long-term fisheries surveys, observer pro-

grams, and tagging studies—are costly, geographically restricted, and logistically challenging

1



2 CHAPTER 1. INTRODUCTION

to maintain, particularly in developing regions [15, 54, 134, 135]. As a result, shark con-

servation measures are often delayed or unsuccessful, often relying on anecdotal evidence or

limited catch statistics [14, 40]. In the absence of supplemental data streams, population de-

clines continue largely undetected, and conservation is insufficient to reverse them [40, 117].

With glaring ecological data gaps describing imperiled populations, we need to integrate

underutilized data sources. This dissertation addresses how to harness those sources for

bridging knowledge disparity.

1.2 Emerging Technologies

The big data revolution has transformed how scientists acquire and interpret ecological

information. Vast amounts of data are continuously produced by humans in the form of

images and videos that capture wildlife encounters and ecological activity. SNs, open biodi-

versity platforms, and citizen-science repositories now reveal unprecedented digital records

of wildlife occurrences across space and time [64, 108]. These data streams are largely un-

explored for inferring ecological patterns, but with the growth of big data and machine

learning, we have the tools to systematically extract and transform digital information into

ecologically relevant observations that expand the temporal and spatial reach of biodiversity

monitoring. At the same time, similar computational approaches are revolutionizing inde-

pendent underwater surveys such as BRUV, where automated detection and classification

can mitigate the need for exhaustive manual review and speed up quantitative analysis of

marine wildlife. The evolution of these tools toward accessible and intuitive interfaces en-

sures that scientists, managers, and citizens alike can explore, filter, and interpret ecological

data with unprecedented ease and transparency [168].

In parallel, molecular approaches have advanced rapidly to complement visual and dig-
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ital monitoring. eDNA techniques detect genetic material shed by organisms into their

surroundings, providing highly sensitive and non-invasive indications of presence that cap-

ture both rare and cryptic taxa [110, 158]. When coupled with metabarcoding and next-

generation sequencing, eDNA enables community-level assessments of biodiversity that are

often unattainable through visual surveys alone.

The Mediterranean white shark is an illustrative example of a population that has been

pushed to the edge of extinction in an exploited and data-poor region [54, 111, 118]. Visual

observations are incredibly rare. Thus, the ability to detect their presence with eDNA is a

distinct advantage for identifying their last strongholds and guiding targeted conservation

efforts [54].

The intersection of big data, Artificial Intelligence (AI), and molecular forensics holds

particular promise for shark conservation. Online imagery can provide indicators of rel-

ative abundance, behavior, and spatial distribution [52, 111, 150]. Molecular assays can

reveal cryptic or endangered populations that evade visual detection [36]. When demon-

strated with rigorous analytical frameworks, these approaches can expand the geographic

and temporal coverage of monitoring while maintaining transparency and reproducibility

[161, 166, 169]. Harnessing these underutilized data streams complements traditional sci-

ence by integrating automation into data collection, greatly increasing the speed and scope

of ecological monitoring.

The overarching goal of this dissertation is to establish an innovative framework for over-

coming data deficiency in shark conservation. Thus, this dissertation pursues three interre-

lated objectives:

1. Develop and validate deep learning models that automatically detect and classify visual

media of sharks to the species level.



4 CHAPTER 1. INTRODUCTION

2. Construct a big data workflow that aggregates, cleans, and models shark observa-

tions from major SNs and online platforms to estimate relative abundance and assess

temporal trends across case-study regions.

3. Demonstrate a robust white shark-specific eDNA assay, coupled with oceanographic

modeling and citizen science sampling, to map the occurrence of Mediterranean shark

populations.

Together, my approaches demonstrate workflows for classifying and monitoring sharks

across the digital and molecular domains. My objective was developing and refining method-

ological approaches that are either emerging or unconventional for generating conservation

information.

1.3 Chapter Outlines

To harness these emerging technologies, this dissertation builds upon the foundations

of sharkPulse—a global cyberinfrastructure and research initiative designed to transform

digital observations into ecological insight [52]. The platform currently hosts over 300k shark

observations representing 309 species, aggregated from SNs, open biodiversity repositories,

and user submissions. These data supply the training and validation structure of a package

of programs, the SD, forms the backbone of the programmatic and analytical approaches of

this dissertation.

Modern deep learning approaches power image recognition and enable automated classi-

fication of organisms with accuracy approaching that of human experts [116, 131]. CNNs

now underpin many biodiversity frameworks that rely on computer vision. Yet, despite

this progress, sharks remain underrepresented in open models, exhibiting substantial visual
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variability across life stages, lighting conditions, and viewing angles. Establishing robust,

generalizable taxonomic identifiers for sharks therefore demands both model innovation and

carefully annotated training datasets [169]. Within this context, Chapters 2 and 3 de-

velop the SD as an ensemble of object-detection and classification models that automate

species-level identification from heterogeneous imagery and underwater footage, made more

accessible through an R package sharkDetectoR [75] and a graphical interface. Over the

course of this study, the SD grows smarter as new data is ingested and incorporated into

the training architecture. New versions represent increased capability of the SD to classify

a larger range of taxa at a higher performance.

SNs and open biodiversity platforms now generate massive quantities of geo-tagged images

that record human–wildlife encounters at global scales [64, 108]. However, these platforms

differ in their data structure and reliability. IG and Facebook, Flickr, iNat, and GBIF exem-

plify the diversity of publicly accessible ecological observations. However, the heterogeneity

of these data sources presents both a challenge and an opportunity: while the raw observa-

tions are variably tagged or incomplete, their combined volume and coverage far exceed those

of traditional surveys. Chapter 4 addresses whether it is feasible to crowdsource and inter-

pret ecological patterns from such repositories by developing a semi-automated workflow for

collecting, cleaning, and modeling shark observations. By estimating relative abundance and

temporal trends through negative binomial models adjusted for user activity, the framework

evaluates how SN data can supplement conventional indices of relative abundance.

The application of eDNA in the open ocean remains technically challenging: concentra-

tions of target DNA are often orders of magnitude lower than in coastal or freshwater systems,

and degradation, transport, and shedding dynamics vary with environment and animal phys-

iology. Reliable detection thus depends on rigorous sampling design, contamination control,

and laboratory precision. Chapter 5 integrates these methodological safeguards into a tar-
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geted 4-year long eDNA survey for detecting the critically endangered Mediterranean white

shark. In these efforts, I explore particle tracking simulations to estimate real-time spatial

presence for the purpose of finding and tagging individuals. I also develop citizen science

water-sampling kits for establishing a network of training samplers and increasing sampling

distribution and intensity. And lastly, I explore how to estimate broader biodiversity by

incorporating elasmobranch-specific primers in conventional metabarcoding approaches.

Overall, I automate image classification, SN analytics, and molecular detection. These

chapters represent complementary pathways toward resolving the data-deficiency barrier

that impedes shark conservation. The integration of these technologies within the sharkPulse

framework establishes a transparent and reproducible system for scaling classification of

sharks and supplementing traditional monitoring techniques. In Chapter 6, I develop con-

clusions on the effectiveness and practicality of Chapters 2, 3, 4, 5 to boost population-level

monitoring, and their conservation relevance. To address under-reporting of shark bycatch

at the commercial level, I provide future recommendations for applying the SD to electronic

monitoring scenarios. I suggest methods to boost eDNA analyses with reference databases,

and how to incorporate tagging and BRUVs for validating species detections, contextualizing

habitat use and movement patterns across spatial and temporal scales. To extend this work,

I provide the standing software repositories and URL links in Appendix A.
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Shark Detection and Classification
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Abstract

Suitable shark conservation depends on well-informed population assessments. Direct

methods such as scientific surveys and fisheries monitoring are adequate for defining popu-

lation statuses, but species-specific indices of abundance and distribution coming from these

sources are rare for most shark species. We can rapidly fill these information gaps by boost-

ing media-based remote monitoring efforts with machine learning (ML) and automation.

We created a database of 53,345 shark images covering 219 species of sharks, and pack-

aged object detection and image classification models into a Shark Detector (Shark Detector

(SD)) bundle. The SD recognizes and classifies sharks from videos and images using transfer

learning and Convolutional Neural Networks (CNNs). We applied these models to common

data-generation approaches of sharks: collecting occurrence records from photographs taken

by the public or citizen scientists, processing baited remote underwater video Baited Remote

Underwater Video (BRUV) footage and online videos, and data-mining Instagram (IG). We

examined the accuracy of each model and tested genus and species prediction correctness as

a result of training data quantity. The SD can classify 47 species pertaining to 26 genera. It

sorted heterogeneous datasets of images sourced from IG with 91% accuracy and classified

species with 70% accuracy. It located sharks in BRUV footage and YouTube videos with

89% accuracy, and classified located subjects to the species level with 69% accuracy. All

data-generation methods were processed without manual interaction. As media-based re-

mote monitoring appears to dominate methods for observing sharks in nature, we developed

an open-source SD to facilitate common identification applications. Prediction accuracy of

the software pipeline increases as more images are added to the training dataset. We provide

public access to the software on our GitHub page.
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2.1 Introduction

Sharks are excellent indicators of ocean environmental health: however, they are con-

stantly challenged by growing fishing pressures as well as poor management and conserva-

tion stemming from data paucity, insufficient taxonomic knowledge, and underdeveloped

monitoring methods [82]. Observation data of sharks via surveying and fisheries monitor-

ing are often extremely costly or difficult to collect, a challenge exacerbated for species

with larger home ranges [13]. Furthermore, classification of sharks is still debated for many

species [134]. The combination of observed global declines and increasing data resolution

has resulted in the number of International Union for Conservation of Nature (IUCN)-listed

threatened species doubling since 2014 [117]. Sharks remain an extremely data-deficient

group of marine animals, and these information gaps contribute to the lack of abundance

and distribution indices as well as taxonomic precision needed to properly assess population

statistics [52, 82].

Image-based biomonitoring is a transformative alternative to expensive and invasive

direct observation methods in ecological surveys of marine and terrestrial environments

[139, 169, 171]. With significant advancements in Baited Remote Underwater Video (BRUV)

systems, motion-activated camera traps, and crowdsourced citizen science media, ecological

information is being produced at an unprecedented rate [60]. Importantly, remote monitor-

ing methods generate visual media that can help fill shark information gaps. These methods

are non-invasive and useful for minimizing sampling effort: however, they produce large

quantities of media to post-process for species identification and analyses, including remov-

ing irrelevant images [151]. Studies such as Tabak et al. [152] and Malde et al. [101] stress

the importance of using deep learning programs to filter unrelated content and facilitate

rapid sampling.



10 CHAPTER 2. SHARK DETECTION AND CLASSIFICATION

Deep learning algorithms are highly flexible and well suited for approaching many of these

tasks [95, 101, 139]. They have been used to estimate fish sizes from images [47, 59], identify

discarded and processed fish [56], and classify acoustic and movement data [20, 49, 83].

However, machine-learned detection and image classification of shark species are seldom

studied due to insufficient training data [52]. Video and photographic documentation of

sharks are rarely obtained from commercial fisheries: such images are more reliably sourced

from tourists, social network (SN)s, and underwater photographers [153]. Consequently,

there are few studies that have curated a training dataset of shark images. iSharkFin is a

recognition system that can identify 39 shark species from pictures of dorsal fins [9]: however,

it does not classify whole-body images because it focuses primarily on tracing illegal fin

trading and requires users to manually select features and input points that describe fin

shape. As a step forward, Seek is a generalist image classifier that leverages the iNat2017

archive of 859,000 images to detect and classify over 5,000 organisms, including shark species

[69]. This app advances animal classification, but because of its large scope, it remains

inaccurate for classifying the 509 species of living sharks.

Because many shark species are both morphologically diverse and data-poor, classifying

them is not straightforward for machine learning (ML). Here, we approach this challenge

by first constructing the largest training dataset of shark images. Second, we combine

object detection and hierarchical classification methods for images and videos to facilitate the

creation of biologically relevant data on sharks. Assembling and annotating large amounts of

data-mined and user-uploaded media for conservation use is an emerging approach [108, 149].

Fish species classification with ML algorithms has only begun developing within the last two

decades [139]. As a result of interacting with big data and citizen scientists, we have created

the largest and most diverse archive of shark images. Few studies have combined object

detection with classification to increase shark taxonomic accuracy [9, 69]. Our objective was
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to automatically detect and classify, to the species level, any image with perceptible shark

features. Because our methods build upon standard recognition and data-mining approaches,

we can generate, detect, and classify shark-sourced visual media. We can efficiently post-

process BRUV footage, camera trap images, Remotely Operated Underwater Vehicle (ROV)

footage, and shared social media by automatically removing irrelevant content and classifying

shark species.

2.2 Methods

Our shark detection and classification pipeline is composed of several steps and three main

components (Figure 2.1): (1) an object detection model called the Shark Locator (Shark

Locator (SL)), which locates one or several shark subjects in images and draws bounding

boxes around them: (2) a binary sorting model called Shark Identifier (Shark Identifier

(SI)), which sorts images of sharks from a pool of heterogeneous images: and (3) multiclass

models called Shark Classifiers (Shark Classifier (SC)), which classify shark images to the

genus and species levels. Combining these three modeling components, we developed a

shark identification and classification pipeline called Shark Detector (Shark Detector (SD)),

which can ingest any media containing shark subjects, locate and sort subjects according to

relevance, and classify the sharks to the species level. Shark training images for developing

these models were mainly sourced from sharkPulse—a crowd-sourcing platform that mines

and aggregates shark media from SNs, citizen science projects, user submissions, and other

electronic archives [52].
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2.2.1 Shark Locator: Object Detection

The identification pipeline starts with the SL. This model is primarily used to inflate

an initial training dataset by cropping one or multiple shark subjects from images, thereby

creating new images. It locates shark subjects in videos (e.g., BRUV footage) and extracts

frames with shark subjects. This process had the dual objective of removing irrelevant

subjects or noisy backgrounds that challenged the training process, and boosting the training

dataset by splitting images with multiple shark subjects into multiple distinct shark training

images. Cropping shark features from images and video frames provided better training

quality.

To build the SL, we sourced TensorFlow’s Model Garden [175] and used a Faster Region-

based Convolutional Neural Network (Faster-R-CNN) algorithm [123]. The model was

trained with the Common Objects in Context (COCO) dataset (consisting of 236 shark

images) to detect and draw boxes around sharks [99]. Faster-R-CNN can detect more than

one object within a frame, allowing multiple boxes to be drawn [123]. To reduce processing

time, we set a limit of 10 boxes that could be drawn within a single frame. The SL boosted

our classification dataset from 24,546 images to 53,345 images.

2.2.2 Shark Identifier: Binary Model

Second, we developed a binary sorting model. The SI identifies shark vs. non-shark

subjects in images and is used to filter out non-shark images before the remaining images

are taxonomically classified. We sourced 53,345 shark images from Instagram (IG) and

sharkPulse, and additionally, we sourced 50,260 non-shark images from IG (Table 2.2). First,

we constructed the SI to learn key shark features from training images by optimization of

the binary cross-entropy loss function [95]. We incorporated a pre-trained model to reduce



2.2. METHODS 13

Figure 2.1: The SD system is composed of object detection and classification packages
that work best in a stepwise procedure. Additionally, by detecting shark subjects, the SL
synthetically supplements the sharkPulse archive with cropped shark images available to
SI and SC models as new training data. Videos are processed in the order of locating,
identifying, and then classifying. Heterogeneous data-mined datasets are processed in the
order of identifying and then classifying.
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the number of training steps (transfer learning). The SI was pre-trained with the Visual

Geometry Group 16-layer network (VGG16) network, which was trained on 1.28 million

images with 1,000 categories and achieves 92.7% test accuracy on the ImageNet dataset

[140]. Convolutional Neural Networks (CNNs) perform best when the categories of interest

are well represented and balanced [100]. Non-shark images were sourced entirely from IG.

We resized images to 150× 150 pixels to reduce memory consumption.

To increase training accuracy, we used positional image augmentation techniques, i.e.,

we artificially augmented images with transformations such as width and height shifting,

shearing, zooming, and rotations [152, 154]. Then, we constructed convolutional-pooling

layers, which act as checkpoints for summarizing features the model has learned [95]. When

shark features are learned from trained images, the CNN generates parameters called weights.

Weights were first initialized when we pre-trained networks on the ImageNet dataset. We

froze the bottom pre-trained layers to prevent weights from being modified while we trained

the top layers for shark features. VGG16 contains 16 pre-trained layers, and we added four

layers to train for shark features. We trained the CNN to accept augmented and regular

training images as raw pixels and gradually learn output predictions as they passed through

convolutional-pooling layers. To facilitate adaptive learning, we adjusted the algorithm’s

learning rate to 5 × 10−4 with the Adaptive Moment Estimation (Adam) optimizer [89].

To avoid vanishing gradients and improve training speed, we incorporated Rectified Linear

Unit (ReLU) activation into the CNN’s fully connected layers [113]. The output layer was

composed of two neurons for classification, corresponding to the number of classes being

trained: shark and non-shark. These neurons were normalized with a softmax activation

function [21]. We trained the model with 90% of the training set and validated with the

remaining images over 10 epochs. One epoch represents one full cycle where the algorithm has

processed the entire training dataset. To prevent the model from overfitting, we incorporated
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dropout and regularization parameters. Dropout effectively removes a percentage of neurons

from the model that have learned features, and helps the model generalize when predicting

new images. We set dropout to 30%. Image augmentation and early stopping are forms of

regularization used to minimize validation error [144]. We incorporated early stopping of

training when test accuracy decreased for three consecutive epochs. Then we measured the

curve in Figure 2.3. We built the CNN in Python using the Keras and TensorFlow packages

[1, 30].

Figure 2.2: The SL object detection model draws boxes corresponding to confidence levels
of shark presence. (a) A juvenile shortfin mako is detected and a single auto-cropped image
is processed, removing irrelevant objects such as the bait canister and bluefin tuna. (b)
Multiple Carcharhinidae species are detected and two images are cropped from a single
image.
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2.2.3 Shark Classifier: Genus and Species classification

We developed the SC as a hierarchical classification framework for classifying the identi-

fied shark images taxonomically. We trained one genus-specific model and a series of local

species-specific models—one for each genus (Figure 2.1). The SC ingests the filtered shark

images and classifies them at the genus level with the Genus Specific Classifier (GSC). Then,

depending on the genus, a Genus-specific Species Classifier (SSCg) predicts the most likely

species.

We trained the SC with the sharkPulse database, images cropped with the SL, and IG

images. In total, the SC contains 74 genera and 219 species of sharks with an average of

167 images per species (Table 2.1). The GSC was trained with 36,722 images, and the SSCg

was trained with 19,243 images. We evaluated the recall of a genus class vs. its training

data quantity in Figure 2.4a, which revealed an average of 433 ± 47 images were needed to

produce ≥ 50% recall. Recall measures the proportion of shark images that were correctly

classified. Most genera (> 64%) did not contain this many images to produce adequate

training quality. Once a genus was classified, we looked at the same relationship for species

classes in Figure 2.4b and discovered an average of 161± 41 images were needed to produce

> 50% recall. We used these averages as training data quantity thresholds for the SC (see

Figures 2.4c and 2.4d).

Next, to better understand why models confused classes with each other, we examined

two metrics. We used Pielou’s evenness index, usually employed to assess whether and to

what extent species’ abundances are uniform in a community, to quantify how balanced

training datasets were [119]. Then we evaluated the difference in morphology by calculat-

ing the Euclidean distance between species. This was done by collecting a common set of

morphometric measurements for 124 species that were available in the rfishbase R pack-
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age and that represented our dataset [17, 116]. We used total length, standard length, fork

length, and head length. Then we calculated the average for each measurement to create a

morphometric centroid of all species. We compared each species to this centroid to assess

morphological homogeneity.

Model # of models Training images Test images Training source
Shark Locator 1 236 — COCO dataset
Shark Identifier 1 93,244 10,361 sharkPulse (SP),

Flickr, iNatural-
ist (iNat), IG,
YouTube (YT)

Genus-specific Classifier 1 33,050 3,672 SP, Flickr, iNat,
IG, YT

Species-specific Classifier 18 17,319 1,924 SP, Flickr, iNat,
IG, YT

Table 2.1: SD packages trained with images sourced from various SNs and online archives.

For the GSC, we trained 36,722 images across 26 genus classes that met the training

data threshold of 433 images (Table 2.1). We trained a 27th class with 2,593 images to

represent the > 64% of genera that did not meet the training data threshold. This class

was labeled “other genus.” Since there were 18 shark genera containing two or more species,

we developed 18 SSCg models having a variable number of classes. SSCg species classes

that contained fewer than 161 images were added to an “other species” class. The exception

to this rule occurred when a genus contained exactly two species (e.g., Echinorhinus and

Negaprion). In this case, regardless of training data quantity, both species were trained with

their respective labels, and the “other species” class was not incorporated. Regardless of

species-specific dataset size, if their parent genus did not meet the threshold, a SSCg local

model was not trained. We trained 18 SSCg models with 19,243 images. The SC is capable

of classifying 47 species.

We optimized the models with the categorical cross-entropy function to learn shark fea-

tures that are specific to genus and species classes [95]. To prevent redundant feature training
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and incorporate fewer parameters, we used Densely Connected Convolutional Network (201

layers) (DenseNet201) as our pre-trained network for multiclass classification [70]. We used

image augmentations and passed our training dataset through 20 convolutional-pooling lay-

ers to generate feature maps at each layer, creating weights. We adjusted the SC’s learning

rate to 9× 10−3 with the Adaptive Gradient Algorithm (Adagrad) optimizer [41]. We acti-

vated layers with the sigmoid function [114], which in the case of the SC facilitated higher

test accuracy than ReLU activation units. We normalized classes with the softmax activa-

tion function [21]. We tuned dropout to 15% and trained the models over 15 epochs while

incorporating early stopping if validation loss increased for five consecutive epochs [144].

2.2.4 Shark Detector Performance

To demonstrate the potential of this approach, we applied the SD to three common

cases of data generation methods involving sharks and measured performance. In the first

method, we used the SL to locate shark subjects in the sharkPulse dataset. We used a

detection threshold of 0.9. Before locating shark subjects, we resized images to 512 × 512.

We calculated the proportion of shark images that were located by the SL.

Second, we evaluated a data pipeline we developed for sharkPulse, where global sighting

records of sharks are generated from the SN IG [52]. We extracted images from IG, identified

shark images (Table 2.2), and classified them (Table 2.3). In this case, we excluded the SL

when processing IG images because it was more computationally expensive and did not

significantly impact classification accuracy.

In the third method, we post-processed two BRUV videos and five YT videos with the

goal of locating, identifying, and classifying all sharks present (Figure 2.2, Table 2.4). Videos

were chosen to represent varying habitat types, conventional ecological surveys, and data-
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mining methods focused on sharks. We processed all videos sequentially to evaluate total

processing time in addition to individual processing time. All videos were recorded at 30

frames per second. We extracted the first frame per second and resized frames to 512×512 to

reduce memory consumption and decrease processing time. The extracted frames were then

screened with the SL. The SL threshold was increased to 0.99 to minimize the False Positive

(FP) rate. We tested the SL to identify all sharks per frame. To test the SL’s specificity on

a video that did not contain any shark subjects, we processed a YT video that exclusively

depicted typical coral reef habitats and numerous fish species, but no sharks (see YT Video

2 in Table 2.4). We annotated shark-located frames with the timestamp in the video from

which they were extracted. This was done so we could check the video at the exact time a

shark was located. We sorted shark-located frames with the SI (threshold 0.5). Finally, the

identified shark images were classified with the SC. We calculated the SC’s recall for its top

guess and its top three guesses.

2.3 Results

2.3.1 Boosting Training Data

The SD components performed well individually and as a stepwise process. Overall, the

SL performed at 89% accuracy, the SI at 91% accuracy, and the SC at 69% accuracy (the

SCv5 performed at 80%). The SL located 90% of shark images from the sharkPulse data

archive (n = 24,546 shark images checked by manual review) and generated novel training

data by extracting only shark features. By locating one or multiple subjects in shark images

(Figure 2.2), the SL cropped 28,799 additional images from videos to inflate the original

training dataset. We taxonomically labeled 14,888 cropped images to the genus level and
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Figure 2.3: Receiver Operating Characteristic (ROC) curve of the SI binary classification
scheme. The Area Under the Curve (AUC) conveys a probability measure of how likely the
model is to separate between positive and negative classes. The red, dotted diagonal line
indicates a no-skill classification model that discriminates randomly.
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9,979 images to the species level for inflating the GSC and SSCg respectively. All subsequent

SD models dramatically increased their accuracy as a result of ingesting this training data.

We observed an average 3.5% increase in test accuracy of all models that used training

datasets inflated by the SL.

2.3.2 Training and Performance

By examining the training data threshold distribution of GSC and SSCg classes, it was

revealed that 433± 47 images are needed to achieve > 50% recall (above random classifica-

tion) among genus classes and 161± 41 images are needed to achieve the same recall among

SSCg classes (see Figures 2.4c–d). However, variability across genera and species is high in

Figures 2.4a–b, and the relationship between the two variables depends on morphological

distinctiveness as well as the level of training data balance. For instance, morphologically

distinct species such as Rhincodon typus (Euclidean distance to centroid 19.0) and Orec-

tolobus spp. (distance 25.6) required significantly fewer training images than species with

common physical attributes such as Carcharhinus spp. (distance 8.3) and Prionace glauca

(distance 9.0). We calculated the Pielou diversity index of the GSC to be 0.94 (scale 0–1),

meaning genus training datasets were overall well balanced. The average Pielou diversity

index of SSCg models was 0.77. Lastly, we compared the classification accuracy of iNat’s

classifier Seek with the SD on 400 random shark images sourced from IG. There were 13

species to classify. Seek performed at 62% top classification F1 Score (F1) while the SD

performed at 73% top F1.
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Figure 2.4: Measured performance of SD components. (a) GSC accuracy for 13 genus
classes as a result of training dataset size fit with a two-parameter asymptotic model. The
asymptotic curves represent the maximum recall a class can achieve within the model. (b)
SSCg accuracy of seven species classes and two classes that contain a data-poor Carcharhinus
sp. and Sphyrna sp. (c) Distribution of dataset size threshold for 12 GSC classes (Prionace
was excluded due to recall never reaching 50%). Curves represent the density of a normal
distribution. (d) Distribution of dataset size threshold for nine SSCg classes whose parent
genera contain more than two species. (e) Performance of all SD components with a standard
error interval for SSCg models. (f) Accuracy distribution of all 18 SSCg models.
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2.3.3 Instagram

By data-mining images from IG, we created 14 datasets (Appendix B). The SI removed

non-shark images and retained shark images with 91% overall accuracy (Table 2.2, Ap-

pendix B.1). About 5% of actual shark images were not related to the hashtag they were

scraped from (i.e., they were other species) (Appendix B.2). The area under the correlation

between recall and False Positive Rate (FPR) of the SI represented a successful classification

probability of 0.885 (Figure 2.3). The SI displayed lower recall when sorting video frames that

had not yet been cropped for shark subjects but performed well when sorting heterogeneous

data-mined images. The SI displayed a low FPR and False Negative Rate (FNR). However,

we noticed images like those in Figure 2.5b and 2.5c represented commonly misclassified

images. These misclassifications occurred 9% of the time.

Hashtag Test TP FP TN FN Recall Precision Specificity FPR FNR F1

#tigershark 1590 299 19 1261 11 0.96 0.94 0.99 0.01 0.04 0.95
#blueshark 1269 343 22 889 15 0.96 0.94 0.98 0.02 0.04 0.95
#whaleshark 1144 309 21 800 14 0.96 0.94 0.97 0.03 0.04 0.95
#makoshark 988 228 15 730 15 0.94 0.94 0.98 0.02 0.06 0.94
#scallopedhammerhead 871 149 18 701 3 0.98 0.89 0.97 0.03 0.02 0.93
#sandtigershark 1011 220 21 753 17 0.93 0.91 0.97 0.03 0.07 0.92
#nurseshark 1370 180 23 1156 11 0.94 0.89 0.98 0.02 0.06 0.91
#greatwhites 849 251 24 550 24 0.91 0.91 0.96 0.04 0.09 0.91
#blacktipshark 955 209 40 700 6 0.97 0.84 0.95 0.05 0.03 0.90
#portjacksonshark 1012 191 28 971 13 0.94 0.87 0.97 0.03 0.06 0.90
#sixgillshark 287 107 19 150 11 0.91 0.85 0.89 0.11 0.09 0.88
#spottedwobbegong 180 97 18 55 10 0.91 0.84 0.75 0.25 0.09 0.87
#whitetipreefshark 890 250 43 561 36 0.87 0.85 0.93 0.07 0.13 0.86
#greyreefshark 901 203 55 600 43 0.83 0.79 0.92 0.08 0.17 0.81

total 13317 3036 366 9877 229 0.93 0.89 0.96 0.04 0.07 0.91

Table 2.2: Hashtags relevant to specific shark species that were data-mined from IG. The
result was heterogeneous datasets of images. We measured the SI’s sorting accuracy and
error rate at a confidence threshold of 0.5.
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Figure 2.5: Images identified by the SI and subsequent classification by the SC. (a) The
SI and SC correctly identify a diverse collection of shark images by classifying underwater
photographs, images with foreground and background noise, images with hardly discernible
shark features, and eight different species. (b) Common subjects that were misclassified
by the SI such as cetaceans (and other marine and terrestrial animals), empty foregrounds,
inscrutable objects, and artificial models. (c) The SI misses shark presence due to partially
concealed features.
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Species Scientific Name Training images Test images Recall Top-3 Recall

Whale shark Rhincodon typus 1602 309 0.95 0.99
Port jackson shark Heterodontus

portusjacksoni
1172 191 0.87 0.98

White shark Carcharodon
carcharias

2290 251 0.87 0.90

Whitetip reef shark Triaenodon obesus 1786 250 0.79 0.92
Blacktip reef shark Carcharhinus

melanopterus
829 209 0.77 0.91

Shortfin mako Isurus oxyrinchus 1360 228 0.76 0.95
Spotted wobbegong Orectolobus

maculatus
1019 97 0.74 0.99

Nurse shark Ginglymostoma
cirratum

821 180 0.70 0.90

Tiger shark Galeocerdo cuvier 1117 299 0.68 0.91
Grey reef shark Carcharhinus

amblyrhynchos
550 203 0.68 0.88

Bluntnose six-gill
shark

Hexanchus griseus 792 107 0.68 0.71

Sand tiger shark Carcharias taurus 2405 220 0.67 0.89
Scalloped
hammerhead

Sphyrna lewini 274 149 0.60 0.84

Other species – 1086 88 0.50 0.71
Blue shark Prionace glauca 990 343 0.29 0.76

Total – 18093 3124 0.70 0.90

Table 2.3: SC classification of data-mined images from IG. Recall was measured for the SC’s
top species prediction as well as the top three predictions.
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2.3.4 BRUV Surveys and Online Videos

We classified eight shark species from seven videos. We processed two BRUVs recordings

and five YT videos that made up 136 minutes of total video footage, which contained eight

species of sharks. We spent 6.2 hours manually validating all of the extracted frames (n =

8,185 frames). It took the SD 2.6 hours to process all videos in succession. The SL located

89% of available shark frames (n = 2,277 frames) and the SI filtered out false positive images

with 94% specificity (Table 2.4). The SC classified all species with an average top recall of

69% and top-3 recall of 76%. The SL showed 93% specificity and a false-positive rate of 7%

when processing YT Video 2, which did not contain sharks.

Metric Sicilian Channel Palau Archipelago YT 1 YT 2 YT 3 YT 4 YT 5

Video length (min) 35.4 17.7 49.2 10.5 4.3 14 5.6
Processing time (min) 37.1 18.2 55 13.5 6.2 17.2 8.0
Frames extracted 2121 1055 2951 630 255 841 333
# of shark images 812 152 855 0 120 256 82
# of non-shark images 1309 903 2096 630 135 585 251
SL Recall 0.90 0.88 0.89 0.80 0.90 0.90 0.91
SL Precision 0.91 0.84 0.90 0.93 0.93 0.86 0.87
SL Specificity 0.92 0.85 0.87 0.93 0.89 0.84 0.84
SI Specificity 0.97 0.94 0.90 0.95 0.96 0.96 0.96
SC Recall 0.62 0.79 0.69 0.78 0.82 0.82 0.73
SC Top-3 Recall 0.70 0.86 0.76 0.84 0.88 0.88 0.81

Table 2.4: Performance metrics of SD components to locate, identify, and classify sharks
from two BRUVs and five YTs videos that collectively depict eight species of sharks. SL
threshold 0.99, SI threshold 0.5.

Similarly, we assessed the recall of species classes within SSCg models (see Figure 2.4b).

Both the Hexanchus and Isurus models contained two unbalanced classes (see Table 5 for

training datasets). So, we anticipated that the recall of these models’ dominant classes

would peak even if they were trained with fewer images. The models Carcharhinus, Het-

erodontus, Orectolobus, and Sphyrna contained mostly balanced training datasets with four

or more classes. Interestingly, port jackson shark (Heterodontus portusjacksoni), spotted

wobbegong (Orectolobus maculatus), and blacktip reef shark (Carcharhinus melanopterus)

classes reached their maximum recall while being trained with fewer than 200 training im-
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ages. Grey reef shark (Carcharhinus amblyrhynchos), other Carcharhinus sp., scalloped

hammerhead (Sphyrna lewini), and other Sphyrna sp. classes did not meet their maximum

recall with fewer than 500 training images.

Figure 2.6: GSC normalized confusion matrix of 26 shark genera classes. A 27th class “other
genus” represents 48 data-deficient genera.
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Species Images Accuracy Species Images Accuracy Species Images Accuracy

Alopias 1185 0.65 Galeorhinus 791 0.53 Orectolobus 2021 0.92
A. vulpinus 353 0.81 G. galeus 791 1.00 O. maculatus 1019 0.82
Alopias spp. 174 0.72 Galeus 575 0.72 O. halei 542 0.62
Brachaelurus 479 0.65 G. melastomus 376 1.00 O. ornatus 281 0.34
B. waddi 299 0.96 Ginglymostoma 945 0.61 Orectolobus spp. 97 0.60
B. colcloughi 162 1.00 G. cirratum 821 1.00 Prionace 990 0.42
Carcharhinus 4963 0.71 G. unami 124 0.92 P. glauca 990 1.00
C. melanopterus 829 0.70 Haploblepharus 680 0.61 Rhincodon 1602 0.88
C. amblyrhynchos 550 0.67 H. fuscus 271 0.96 R. typus 1602 1.00
C. limbatus 488 0.41 H. edwardsii 215 0.23 Scyliorhinus 964 0.63
C. leucas 402 0.66 Haploblepharus

spp.
194 0.75 S. canicula 378 0.97

C. obscurus 259 0.85 Heterodontus 2180 0.82 Scyliorhinus spp. 94 0.50
C. perezi 245 0.24 H. portusjacksoni 1172 0.94 Sphyrna 1591 0.54
C. plumbeus 212 0.45 H. galeatus 343 0.89 S. tiburo 377 0.79
Carcharhinus
spp.

815 0.74 H. francisci 337 0.74 S. lewini 274 0.82

Carcharias 2405 0.84 H. japonicus 306 1.00 S. mokarran 165 0.47
C. taurus 2405 1.00 Heterodontus

spp.
22 0.84 Sphyrna spp. 140 0.79

Carcharodon 2290 0.72 Hexanchus 971 0.67 Squalus 1044 0.52
C. carcharias 2290 1.00 H. griseus 792 1.00 S. acanthias 182 1.00
Cephaloscyllium 663 0.56 Hexanchus spp. 8 0.00 Squalus spp. 130 0.77
C. isabellum 323 1.00 Isurus 1636 0.72 Triaenodon 1786 0.69
C. laticeps 264 1.00 I. oxyrinchus 1360 0.99 T. obesus 1786 1.00
Cephaloscyllium
spp.

76 0.80 I. paucus 62 0.25 Triakis 1060 0.59

Cetorhinus 642 0.57 Mustelus 677 0.43 T. semifasciata 673 1.00
C. maximus 642 1.00 M. canis 187 0.68 T. megalopterus 213 0.86
Echinorhinus 516 0.87 Mustelus spp. 335 0.88 T. scyllium 161 1.00
E. cookei 452 1.00 Negaprion 910 0.38 Triakis spp. 12 0.00
E. brucus 6 0.00 N. brevirostris 171 1.00
Galeocerdo 1117 0.72 N. acutidens 69 0.00
G. cuvier 1117 1.00

Table 2.5: List of species, and number of training images, for which we could infer a tax-
onomic identification at the genus level (with the GSC model) and species level (with the
SSCg models).
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2.4 Discussion

Historically hampered by problems of data paucity, shark research is transitioning toward

a time with ubiquitous big data. Embracing this movement requires being able to capture

and structure the increasing amount of information available online and generated by modern

scientific monitoring. In this context, we developed a modular software package targeted

at identifying and classifying shark images from unstructured and unlabeled media. In this

package, location and identification models were able to detect sharks with 90% and 91%

recall, respectively. Further, a pseudo-hierarchical classification structure classified 26 genera

and 47 shark species, at 69% and an average of 85% recall, respectively. Trained on the

largest and most diverse shark image dataset compiled so far, this software facilitates rapid

data collection on sharks and generation of biologically relevant data, including boosting

information for data-poor species.

The full potential of this approach lies in achieving a completely automated data analysis

pipeline. We have shown that surveys and online archives can be automatically processed for

shark classification, although with human review needed. While the SD is moving toward

complete automation, there is still room for improvement. Our shark detector is currently

the most efficient software for locating, identifying, and classifying sharks from unlabeled

media. The SD top species predictions were 11% more accurate than iNat’s Seek (currently

the best general-purpose biodiversity classifier available) [69]. Yet model accuracy can still

be improved, especially for the GSC model.

The GSC acts as the parent node for multiclass classification among the SD components

and is, therefore, most challenged in the pipeline (see Figure 2.4e). The GSC typically

displayed lower classification error with more training samples. However, misclassification

also depended on physical distinctiveness and training data balance and content. For ex-
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ample, carpet sharks (Orectolobus spp.) are easily identified because they are physically

unique. When comparing morphological Euclidean distances with all species represented,

Orectolobus species exhibited one of the highest distances (25.6), meaning they are among

the most physically dissimilar taxa. We also noticed the content of Orectolobus species’ im-

age and video archives were homogeneous because they are strictly bottom-dwelling sharks

and are almost exclusively observed in benthic habitats. Therefore, the class achieved a

high recall (92%) with < 1000 training images (see Figure 2.4a). Conversely, blue sharks

(Prionace glauca) exhibit similar morphometric measurements to the centroid of the training

dataset (Euclidean distance 9.0). They are frequently observed in various marine habitats

by photographers, divers, and recreational and commercial fishers [26], resulting in heteroge-

neous image and video archives. As we continue to capture this heterogeneity and physical

distinctiveness by gathering more images, we expect classification accuracy to increase. But

currently, P. glauca experiences low recall (29%) with < 1, 000 training images.

During training of the GSC, 15% of test images (n = 539 images) were mistaken for the

Carcharhinus genus (trained with 4,963 images and representing 24 species) and the “other

genus” class (trained with 2,593 images and representing 48 genera and 172 species). Because

the Carcharhinus and “other genus” classes describe 196 species, their training datasets are

heterogeneous and variable in morphology, imbalanced relative to other smaller genera, and

represent 21% of the entire training dataset. While the GSC training dataset was shown to be

well-balanced with Pielou’s diversity index of 0.94, we can minimize confusion and improve

overall classification accuracy by continuing to balance data-poor genera. Furthermore,

boosting genera that do not reach the training threshold would remove them from the “other

genus” label, reduce confusion with the label, and increase the SC’s taxonomic range. The SC

will gain a new classifiable genus capable of achieving > 50% recall. However, morphological

diversity will still affect the GSC’s overall training accuracy.
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SSCg models are composed of child nodes that utilize previous taxonomic information

from the GSC. As expected, average SSCg classification accuracy (85% with 3.5% standard

error) was higher than GSC accuracy (Figure 2.4e–f). Nonetheless, even SSCg models were

challenged by imbalanced datasets and class similarity. The Hexanchus and Isurus models

each contain two classes, where the dominant class was trained with an average of 50 times

more images than the non-dominant class. Recall was perfect for Hexanchus griseus and

Isurus oxyrinchus (Figure 2.4b) because the model did not learn the misrepresented class.

This affected our SSCg threshold distribution (see Figure 2.4d) by indicating fewer training

images were needed to reach > 50% recall, without taking into account that the classes are

imbalanced. Further, fitting asymptotic recall functions of different SSCg model classes was

useful for gauging future data boosting efforts. For instance, we noticed a pattern where

dominant classes attained their maximum recall (< 500 training images) while non-dominant

classes did not. This suggests that maximum recall values are useful as benchmarks, but

will change as species are boosted and classes are increasingly represented. To best increase

overall SC top recall and species coverage (Table 2.3), we must grow the number of taxo-

nomically labeled images while prioritizing data-poor species, balancing training datasets,

and increasing image diversity.

SI/SL misclassifications are < 10% frequent. The Faster-R-CNN model allowed the SL

to achieve high recall (89%), precision (88%), and specificity (93%) [123]. VGG16 allowed

the SI to achieve an F1 score of 91% [140]. Performance of the detection and classification

models can be boosted by inflating training datasets.

The training and validation datasets are substantial considering the scarcity of visual

information repositories for most shark species. sharkPulse contains the largest repository

of shark images and provides a consistent influx of shark-specific media by combining sev-

eral data collection approaches: data scraping from online archives, user submissions, and
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synthetic image generation techniques. Our training data are high quality due to crowd-

sourcing validation of taxonomic and spatiotemporal information. This facilitates continu-

ous data collection and classification accuracy and is slowly being adopted for conservation

[52, 69, 103]. For example, iNat’s Seek was trained on a massive database of crowdsourced

images validated by the application’s users. Effectively, iNat and iSharkFin grow with user

submissions, which can improve the models’ classification accuracy [9, 69]. We adopted this

approach and combined it with automated data scraping and synthetic image generation

techniques, making the SD a novel instrument for collecting visual media of sharks. While

the SD excels at classification accuracy and taxonomic range compared to other methods,

there are still objectives to strive for. Seek is available on smartphones and, as a result, can

equip everyone with intelligent monitoring capabilities. Increasing citizen science interac-

tions and validation effort with mobile applications would continue to improve the quality

of data sourced from sharkPulse and the SD.

Utilizing unsupervised models for shark detection and species identification has multiple

applications, including processing online videos, survey footage, and big data [139]. This

allows us to expand possibilities for filling information gaps in shark populations, even beyond

traditional fisheries monitoring techniques. IG is a massive data cloud that offers tremendous

opportunities for generating biologically relevant data. However, it contains a daunting

amount of irrelevant content that would be unrealistically filtered with manual validation

[107]. Plus, even targeted shark images often lack taxonomic and spatiotemporal information

that need to be inferred with postprocessing. When 91% of noisy data are removed, and

the remaining content is taxonomically classified, validation suddenly becomes practical.

Furthermore, filtering and classifying facilitate the development of geoparsing and time-

stamping programs [107]. Preliminary investigations suggest that IG posts of sharks can

be effectively transformed into occurrence records with these taxonomic and spatiotemporal
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identifiers [52].

The largest limitation of the SD is classification accuracy for data-poor species. Boosting

natural and synthetic image generation techniques will inflate the training datasets of these

species considerably, and subsequently increase classification accuracy. We showed how

data-mining (Table 2.2), object-detected cropping (Figure 2.2), and image augmentations

are effective data generation approaches. SNs like IG offer an inexhaustible source of shark

and non-shark images [52]. Furthermore, synthetic image generation can be significantly

improved. We can extract cropped images of fish and paste them onto randomly selected

backgrounds while incorporating transformations. This approach will effectively generate

thousands of new images from a handful of genuine images [2]. As new shark images are

ingested and validated, the SD will immediately use them, automatically funneling those

images into the appropriate training datasets. The SD will be a rapidly evolving Artificial

Intelligence (AI), automatically collecting and generating new shark images, training models,

and growing smarter with each step.

Despite these opportunities, careful consideration of risks is essential before the SD can

be widely adopted. One prominent concern is that automatic classification may uninten-

tionally enable the targeting of vulnerable populations if precise locations or identifications

are made public without safeguards. These issues may be exacerbated for species already

subject to exploitation or harassment, and highlight the need for deliberate redaction of

sensitive spatial information. Another risk lies in the potential misuse of the software by

untrained users or in settings where data quality cannot be guaranteed. Low-resolution im-

ages, poor visibility, or intentionally misleading inputs can yield spurious predictions, and

without appropriate safeguards these errors may propagate into scientific analyses or man-

agement decisions. Furthermore, machine learning models inevitably carry biases rooted in

their training datasets. If uncorrected, these biases may lead to systematic over- or under-
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estimation of certain species or regions, potentially skewing policy outcomes. Finally, the

integration of the tool into regulatory or compliance frameworks must be done with cau-

tion. Automated predictions should complement, rather than replace, human verification,

especially in high-stakes contexts such as enforcement of bycatch regulations. Addressing

these challenges requires transparency about model limitations, active recalibration as new

data are incorporated, and clear communication to both technical and non-technical users.

By acknowledging and mitigating these risks, the SD can serve as a robust and responsible

platform for advancing shark conservation while minimizing opportunities for misuse.

The SD has clear applications in policy and fisheries monitoring, particularly in contexts

where traditional observer programs are limited by cost and human resources. Automated

detection and classification can substantially reduce the burden of manual video review

by rapidly identifying bycatch events in longline and trawl fisheries. This capability allows

observer programs to generate standardized indices of shark encounters, such as Sightings per

Unit Effort (SPUE), with greater efficiency and consistency than human annotation alone

[23]. At the policy level, such indices provide valuable insight for management decisions,

including the design of spatial closures, the timing of seasonal restrictions, and the evaluation

of gear modifications intended to reduce shark mortality. The SD tool also has the potential

to be deployed at landing sites or on vessels, where near real-time monitoring of deck footage

could flag the capture of protected or prohibited species and trigger targeted compliance

checks. Beyond regulatory applications, graphical interfaces of the SD could be adapted

for fishers themselves. By providing automatic identifications, approximate size estimates

from reference objects, and best-practice handling guidance, the tool can both enhance fisher

decision-making and create an avenue for voluntary data sharing. Such applications tailored

to fishers as a demographic could return value directly to the user, for example through

digital catch logs or compliance support, while also generating occurrence records that can
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feed into larger-scale monitoring frameworks. In this way, the SD not only complements

existing observer programs but also expands the reach of monitoring to contexts where

human expertise is limited [23].

The SD presented in this chapter represents the first version as the foundation of an

evolving platform that has continued to expand in scope and functionality. In Chapter 2

and Chapter 3, we describe the 5th version of the SD with key advances to the SL, SI, and

SC components. First, we have since included the option to employ a BRUV-specific object

detection model in the place of the SL or SI [164]. Second, we have increased the training

dataset of the SI to nearly 500k images between shark and non-shark subjects, increasing its

classification accuracy to 98%. Third, the species classification strategy has been extended

from a single-step genus-to-species model to a conditional, hierarchical approach that pro-

gresses from order through family and genus to the species level. This structural refinement

reduces misclassification and allows predictions to reflect the underlying taxonomic hierar-

chy. The taxonomic range has been substantially expanded, SDv5 now capable of classifying

80 species trained on a dataset of more than 200k images, representing a fourfold increase

over the training material used in this chapter. Finally, the platform has grown beyond

command-line models into accessible interfaces: a Graphical User Interface (GUI) and an

accompanying R package have been developed to scale the tool’s application across diverse

user groups. Together, these improvements reflect the iterative development of the SD as

both a research framework and a practical resource for conservation, ensuring that it remains

adaptable and broadly useful as new data and technologies emerge.

Beyond its scientific and management applications, the SD also has value as an educa-

tional and outreach tool. Automated species recognition provides an accessible entry point

for students and the public to engage with shark biology, computer vision, and conservation

science as sharkPulse has demonstrated with interactive web application tools [52]. The
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ability to process photographs or video clips through the software allows users to see first-

hand how machine learning can transform heterogenous media into ecological information. In

classroom or workshop settings, the SD can be used to demonstrate core principles of species

identification, sampling bias, and basic machine learning accuracy assessments, while also

exposing students to the possibilities and limitations of artificial intelligence in conservation.

Further, the growing volume of annotated images and videos creates opportunities for de-

veloping three-dimensional reconstructions of sharks. These reconstructions could be used

to estimate body size, swimming behavior, and generate realistic visualizations for training,

research, or public engagement. By making these capabilities open-source and adaptable,

the SD encourages both technical learning and broader awareness of the role that automated

tools can play in modern wildlife monitoring.

This chapter establishes a generalizable, open, and scalable framework for turning variably-

tagged visual media into ecological information. Methodologically, I combined object detec-

tion, hierarchical taxonomic classification, and diverse workflows to crowdsource heteroge-

neous data sources (BRUVs, citizen science SNs and platforms, and web videos). Scientif-

ically, I provide automated media pipelines that deliver species-level occurrences at scales

that were previously impractical. Practically, I discuss opportunities for enhancing monitor-

ing programs (observer footage, port sampling, protected-area surveillance) and generating

indices suitable for trend analysis, while recognizing uncertainty, bias, and data incomplete-

ness. The approach is not shark-specific: it is a blueprint for any data-poor, visually observ-

able taxon, and creates a foundation for integrating media-based indices with conventional

assessments.

We developed and compiled object detection and classification models into a single, open-

source package that applies transfer learning and deep CNNs to the challenge of shark recog-

nition. To our knowledge, this represents the most reliable general-purpose identification
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software for sharks, trained on the largest and most diverse image dataset assembled to date.

By making the SD openly available (https://github.com/sharkPulse/Shark-Detector),

we provide researchers, managers, and citizen scientists with a practical tool that can be

adapted to new data sources and experimental needs. The primary aim of this package

is to accelerate data collection for species and regions where information is scarce, while

continuing to expand the taxonomic coverage and accuracy of the models as training data

grow. In doing so, the SD demonstrates how automated identification can contribute to the

broader big data revolution in ecology, filling persistent knowledge gaps and complementing

traditional fisheries monitoring. Ultimately, identification without the bottleneck of manual

validation has the potential to reshape the design, scope, and quality of studies on shark

ecology, biology, and conservation, providing a foundation for data-driven conservation and

management.

https://github.com/sharkPulse/Shark-Detector
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Abstract

The capacity to monitor shark biodiversity is vital for conservation. Baited Remote Un-

derwater Video Systems (BRUVs) are increasingly popular and cost-effective ways to boost

this scientific effort. However, they remain hindered by extensive manual video annotation

and a lack of accessible tools to streamline automated detection into broader ecological analy-

ses. These challenges are exacerbated by complex backgrounds, variable visibility, and sparse

encounters making species-specific indices difficult to label. To overcome these barriers, we

tested an integrated suite of Artificial Intelligence (AI)-driven tools for automated shark de-

tection and taxonomic classification. At the core is the Shark Detector (SD), which combines

binary image classification, You Only Look Once (object detection algorithm) (YOLO)-based

object detection, and a hierarchical species classifier trained on 264,712 images of 309 shark

species. Paired with three open platforms: an Application Programming Interface (API),

an R package (sharkDetectoR), and a lightweight desktop application (SharkByte), the up-

dated SD is accessible across computational environments and user expertise. Tested on

46,332 holdout images and 13.9 hours of BRUVs footage from Palau and the Main Hawaiian

Islands, these tools achieved 92% species-level accuracy as well as 94.7% detection accuracy,

and reduced annotation time by up to 90%. Additionally, leveraging these open-source tools

to rapidly generate 8,466 new species-tagged training images improved base species-specific

recall by 7.7% and survey recall by 9.5%, illustrating the tangible benefits of targeted data

augmentation. These findings underscore the value of combining scalable AI-driven classifi-

cation with data-boosting efforts to advance shark biodiversity monitoring. By substantially

reducing manual annotation demands while maintaining high detection and classification

performance, this framework offers a practical solution to speed up BRUV post-processing.

At the same time, it highlights automated methods as essential tools for conservation and

management, especially to address data deficiencies in shark research.
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3.1 Introduction

Sharks are integral to the balance of many marine ecosystems as top predators and meso-

predators [40, 53, 125]. They are crucial ecological drivers and charismatic megafauna of

cultural significance. However, global shark biodiversity is a growing concern, with 31.2% of

all shark species considered threatened with extinction [45]. Yet, conservation and manage-

ment efforts on sharks are hindered by knowledge gaps in species-specific distribution and

abundance indices [82, 145].

To fill these knowledge gaps, non-invasive monitoring expeditions focus on collecting

ecological data for characterizing shark biodiversity and habitat preferences while mitigat-

ing harmful environmental and biological impacts. These surveys typically employ Baited

Remote Underwater Video Systems (BRUVs), Remotely Operated Underwater Vehicles

(ROVs), and Environmental DNA (eDNA) analyses [33, 54, 80, 87, 139].

BRUVs are cost-effective platforms that allow expedited sampling across various marine

habitat types and depths. They have many uses, including monitoring relative abundance

and distribution, behavioral and growth traits, and species richness [27, 28, 60]. BRUVs

surveys produce video footage that must be taxonomically annotated, requiring substantial

manual labor [139, 167]. Species classification is especially challenging among cryptic, data-

poor, and morphologically similar elasmobranchs [145]. Identifying sharks from underwater

images can be challenging with diminished video resolution and light. Further, the animal’s

distinguishing morphological features may be hidden from view, especially if interaction

with the recording apparatus is brief or far from view. Distinguishing features such as

color patterns, spots, and distinctive size and fin shape reduce misidentifications. However,

some families, such as Carcharhinidae and Squalidae (n = 97 species), share similar features

that even with direct observation can lead to taxonomic misidentifications [22, 136]. Thus,
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species-specific indices can be misinformed, prompting less effective management strategies

and costly revaluations [130, 170].

Artificial Intelligence (AI) can be leveraged to increase taxonomic resolution while reduc-

ing manual labor [176]. Novel integration of AI into traditional visual surveys has paved the

way for revolutionary improvements in data collection, processing efficiency, and ecological

monitoring accuracy [169, 176]. BRUVs generate extensive ecological datasets, thus manually

annotating them becomes time-consuming and prone to human error, creating bottlenecks

in data processing [101, 152]. Recent advances in AI, particularly Convolutional Neural

Networks (CNNs) trained for object detection and species classification, offer a powerful

supplemental tool to mitigate these limitations by automatically filtering irrelevant content,

detecting individual subjects, and classifying observations with high taxonomic resolution

[91, 97, 142]. This automatic processing significantly reduces manual validation efforts, al-

lowing for more rapid expert review and promoting expanded survey coverage [78, 164, 168].

However, the practical implementation of AI within visual surveys is notably influenced

by several key BRUV characteristics. Factors such as video resolution, data rate, and light-

ing conditions directly affect image clarity [10, 60], impacting AI’s ability to accurately

detect and classify species [97]. Complex underwater environments featuring varied habitat

structures, such as coral reefs or seagrass beds, introduce background noise and foreground

obstructions, making automated detection more challenging. Furthermore, animal behavior,

including rapid movement, distance from the camera, and variable positioning, can sig-

nificantly impact detection accuracy, increasing false negative or false positive recognition

rates [22]. Morphological similarities between species further complicate automated species

classification, particularly under conditions of low visibility or compromised image quality

common in marine settings [84, 162]. Despite these challenges, accessible, streamlined AI

platforms continue to evolve, incorporating iterative model refinements that progressively
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enhance scalability, efficiency, and accuracy of biodiversity assessments across diverse and

complex survey conditions.

Training robust shark classification algorithms can be challenged by a scarcity of pub-

licly accessible, high-quality, and ecologically tagged visual data [78]. Traditional fishery-

dependent surveys provide limited visual archives of sharks, often associated with bycatch

events [10]. Conversely, citizen science initiatives, independent research expeditions, and so-

cial network (SN)s collectively present vast, yet largely untapped reservoirs of shark sightings

that can greatly enrich training datasets [52, 78]. Addressing this opportunity, sharkPulse

is an integrative cyberinfrastructure designed to systematically absorb, filter, annotate, and

warehouse global elasmobranch photo observations from diverse sources [52]. This expan-

sive repository directly supports the Shark Detector (SD), a versatile AI-driven recognition

and species classification tool, which is integrated into sharkPulse, powering its automated

filtering and annotation capabilities demonstrated in Chapter 2, Section 2.2 [78].

Importantly, sharkPulse’s infrastructure and its corresponding R package, sharkPulseR,

and web portal (http://sharkpulse.org), are designed not only to benefit researchers

through enhanced data processing and analysis but also to actively empower citizen scien-

tists by providing simplified web tools for data submission and ecological annotation [52].

Currently, sharkPulse enables volunteers and researchers to contribute single-image obser-

vations and participate in annotating crowdsourced observations, enhancing the robustness

and accuracy of the SD [78]. However, the infrastructure lacks systematic resources for

contributors to upload entire video-processed datasets, which limits the potential for scaled

automated data-ingestion, retraining, and refinement of the SD specifically for survey-based

applications. By offering local video-processing tools with sharkPulse-submission functions,

in addition to restructuring the SD to retrain submitted data and immediately provide the

updated models through its own R package (with specific SD detection and classification

http://sharkpulse.org
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functions), users can directly enhance and utilize the tool’s performance.

In this study, we aimed to streamline automatic monitoring of sharks in BRUVs footage

by reducing the burden of manual validation and improving taxonomic classification. To

achieve this, we refined and expanded the SD, integrating updated detection and classifi-

cation modules into practical, accessible tools: the programmatic sharkDetectoR package

and the lightweight desktop application SharkByte. These tools replicate the conventional

steps of reviewing BRUV frames, detecting shark presence, identifying species, and logging

annotations—but automate them to reduce effort and standardize outputs. Together, the

tools enable efficient filtering of large video datasets, retention of shark observations, and

direct submission of validated data to the sharkPulse cyberinfrastructure for iterative re-

training and model improvement. We evaluated the tools on 46,332 sharkPulse images and

13.9 hours of BRUV footage from the Main Hawaiian Islands (MHIs) and Palau, and fur-

ther demonstrated how augmenting regionally relevant species with additional video-sourced

training data improved species-level performance (Appendix C). Here, we provide researchers

and practitioners with field-ready, open-source AI-driven tools that make BRUV surveys

more efficient and reproducible, while addressing the main limitations of automatically mon-

itoring sharks at scale.

3.2 Methods

We developed an analytical pipeline for automatic shark detection and taxonomic classifi-

cation, incorporating novel improvements from Jenrette et al. [73] and Chapter 2 to enhance

accuracy and streamline post-processing of BRUV surveys. This pipeline was packaged in

two complementary formats to serve different user needs. First, we created an R package

(sharkDetectoR) that provides programmatic access to detection and classification func-
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tions, suitable for researchers who require scalable integration into their workflows. Second,

we developed a lightweight desktop application (SharkByte) that packages the same core

functionalities into a graphical interface, enabling non-programmers or field practitioners,

such as those working at sea without server access, to process videos locally with simple

point-and-click commands. We evaluated these tools using a holdout sharkPulse image

dataset and BRUV footage from two independent surveys (Figure 3.2), comparing classifi-

cation accuracy, annotation speed, and sensitivity under variable environmental and video

quality conditions. Finally, we demonstrated a data-boosting workflow in which users can

specify region-specific shark species, process focal videos, and submit validated outputs to

the sharkPulse server, triggering immediate retraining of the Shark Detector and iterative

improvement of its performance.

3.2.1 Detecting and Classifying Sharks

To recognize sharks in videos, we used an object detection model, specifically with a You

Only Look Once (object detection algorithm) (YOLO) architecture, which rapidly identi-

fies focal subjects in a single pass [122]. The SD framework was originally designed with

two independent binary models: an image classification CNN and a general YOLO model

[78]. Both models are trained on a mix of above-water and underwater shark observations,

integrated into sharkPulse and specifically optimized to filter large, heterogeneous datasets

originating from SNs and online archives [52]. These models are accessible in the newly

developed sharkDetectoR R package [75], offering diverse data processing advantages.

Given the relatively homogeneous nature of datasets derived from BRUV footage in this

study we developed our analytical pipeline by integrating SharkTrack, a YOLO-based object

detection model explicitly trained and optimized for underwater shark detection from BRUV
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surveys [164]. SharkTrack’s model weights, developed from 6,862 training images across 77

BRUV deployments at 25 global locations, achieve a detection accuracy of 84%. Hence, we

used SharkTrack’s detection capabilities of identifying shark subjects within video frames

to automatically draw bounding boxes around each detected individual and crop out irrel-

evant background. This precise cropping enhanced downstream species-level classification

accuracy ensured by the Shark Detector. We integrated SharkTrack at the top of the ana-

lytical pipeline, into both the sharkDetectoR package and the SharkByte local application,

enabling processing and accurate taxonomic identification of sharks directly from BRUVs

footage (Figure 3.1).

We further developed the SD with a hierarchical CNN for conditional taxonomic classifi-

cation to identify the species of the cropped individual. The Shark Classifier (SC) submodule

of the SD was built upon a MobileNetV2 backbone in PyTorch [129], which employs a struc-

tured framework where predictions are made at each of the four taxonomic levels: order,

family, genus, and species. It begins by predicting the order level using a single-step (non-

hierarchical) classification approach, after which each subsequent taxonomic level is predicted

conditionally based on the classification of its parent (Figure 3.1). We implemented this con-

ditional hierarchical approach to strategically improve classification accuracy by leveraging

the inherent taxonomic structure of sharks, addressing common challenges posed by mor-

phological similarity and limited visual distinctions among related taxa (Appendix D.1). We

trained the SC on the Virginia Tech Advanced Research Computing (VT-ARC) cluster using

two A100 GPUs, dropout for regularization, and weighted random sampling to address class

imbalance [144]. We used the Adaptive Moment Estimation (Adam) algorithm to optimize

training [89], with learning rate scheduling and light augmentation, training for up to 130

epochs to predict hierarchical taxonomy, with all model weights and metrics archived for

deployment.
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To train the SC, we leveraged the extensive sharkPulse dataset, which contains images of

309 shark species. To maintain a balanced training dataset, we incorporated 264,863 images

describing 7 orders, 21 families, 38 genera, and 80 species with an imposed minimum-sample

cutoff of 200 images for a species-level class to be trained, mitigating imbalanced classes [78](

Appendix D.2). We partitioned images with an 8:1:1 ratio into a train, validation, and test

category respectively. These categories represent images needed to train the model and learn

features, monitor the model’s performance on images it has not yet seen to fine-tune overfit-

ting, and evaluate the final trained model on new images to generate performance metrics.

From the test dataset, we evaluated the accuracy at each taxonomic level independently,

and the joint accuracy to classify from the order to the species level.

To support programmatic use, we built a Python Flask Application Programming Inter-

face (API) [126] hosted on the sharkPulse server. The API provides callable services for core

tasks, including object detection, binary shark vs. non-shark classification, and multi-species

taxonomic classification (Figure 3.3). These services leverage a Graphics Processing Unit

(GPU) for faster processing and enable users to run the detection and classification mod-

els independently or sequentially. The API directly communicates with the backend of the

companion sharkDetectoR package, which was designed for researchers to easily interface

with the models programmatically.

The sharkDetectoR R package [75] allows users to submit local media files for processing

and to adjust the detection confidence levels for sensitivity (detection threshold). The user is

given options to output bounding-box annotated frames and cropped images to visualize the

explicit area of any given frame that is being identified as a shark and to remove background

noise from potential training data. Output includes a structured annotations file including

bounding box coordinates and species predictions with confidence scores (see Figure 3.4, Ap-

pendix C). Additionally, sharkDetectoR provides functions to retrieve the current SC model
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performance metrics and total image contribution at each taxonomic level with get_metrics,

and compile a distribution list of shark and ray species within a given geographic bounding

box with find_species. This function takes an input geographic bounding box and pro-

duces a list of elasmobranch species that are most likely to be observed within the spatial

boundary. We created this function to guide systematic data-boosting efforts, particularly

for underwater surveys, providing users with an option to visualize what species are likely to

be observed within the expected survey region by directly sourcing International Union for

Conservation of Nature (IUCN) distribution assessments [71], mean distribution likelihoods

from AquaMaps [86], and common depth ranges from FishBase [57].

3.2.2 The SharkByte Application

To further expand accessibility of SD functions for field deployment, we developed Shark-

Byte, a Graphical User Interface (GUI) built with Python Qt version 5 (comprehensive

Python bindings for the Qt framework) (PyQt5) [98] that integrates local detection and

classification workflows. PyQt5 is a comprehensive set of Python bindings for the Qt v5 ap-

plication framework, enabling Python to serve as an alternative to C++ for cross-platform

application development [98].

SharkByte is tailored for efficiently processing high-resolution underwater video and de-

signed to run on personal machines without requiring constant internet access or high-

performance computing resources. This lightweight and intuitive application can be de-

ployed on Windows and Mac operating systems and empowers field researchers to annotate

and classify shark encounters directly from raw video files, bridging the gap between ad-

vanced machine learning and practical field-based monitoring of sharks.

To demonstrate SharkByte’s real-world capacity to automatically process videos and re-
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Figure 3.1: Workflow of the SDv5. An input image is first processed by a YOLO-based
detector (SharkTrack) to locate sharks and generate bounding boxes. Cropped regions are
then classified by a conditional CNN-based SC, which sequentially predicts order, family,
genus, and species.
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duce tedious manual annotation effort, we processed BRUVs footage from two independent

surveys conducted in the MHIs and the Palauan Archipelago. Although differing in scope

and design, both surveys aimed to visually characterize elasmobranch biodiversity, offering

complementary settings to evaluate SharkByte’s generalizable utility. The application en-

ables users to input a single video, adjust detection thresholds, leverage local GPU hardware

(if available), and control frame processing rate, including fractional frames per second, to

balance speed with thoroughness (Figure 3.3). Output includes full video frames with bound-

ing boxes, cropped images of detected individuals, an annotation file containing coordinates

and species predictions with confidence scores, and an error log for debugging.

3.2.3 Integrating SharkByte into Biodiversity Surveys

We piloted the SharkByte software to post-process BRUVs footage from two demonstra-

tive underwater surveys in the Palauan and Hawaiian archipelagos.

Palau Survey

In 2017, a Stanford team undertook an exploratory survey around the Palau Archipelago

with the objective of assessing the shark community with multiple non-invasive approaches

such as eDNA, BRUVs, and visual census scuba diving transects. The team deployed BRUVs

from March 8th to March 13th. BRUVs platforms were deployed 10 m from the surface at, or

in close proximity to, coral reef habitat (Figure 3.2A, Appendix E). The platforms consisted

of an aluminum frame and two camera housings approximately one meter apart facing the

same direction. The team recorded footage at 30 fps for 1–1.5 hours, accumulating 27 hours

of footage across 11 deployments.
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Figure 3.2: Automated shark detection and classification from BRUV surveys in two tropi-
cal regions. (A) Pelagic deployments around the Palauan Archipelago, with example frames
showing detections of four species: gray reef (Carcharhinus amblyrhynchos), silky (C. fal-
ciformis), sicklefin lemon (Negaprion acutidens), and tiger shark (Galeocerdo cuvier). (B)
Benthic deployments in the MHIs, with representative frames of gray reef, blacktip (C. lim-
batus), and sandbar shark (C. plumbeus): inset shows the benthic platform. (C) Performance
metrics of detection: specificity, precision, recall, F1 Score (F1), and hierarchical classifica-
tion (order to species) across survey regions. Inset map shows survey locations, illustrating
the generalizability of the SD across ecological contexts.
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Figure 3.3: Illustration of the complete workflows connecting sharkDetectoR, SharkByte,
and sharkPulseR within the sharkPulse cyberinfrastructure. Directional arrows indicate the
flow of data or classification models. Connecting lines without arrows indicate a structural
extension of a function such as find_species. The API and sharkDetectoR functions are
indicated in normal font weight, while upload_byte indicates an API-specific function that
only accepts compressed media submitted by SharkByte users. The sharkPulse relational
database is shown as SP.
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Main Hawaiian Islands Survey

In 2022, the National Geographic Society partnered with the exploration vessel E/V

Nautilus to launch the Mālama Manō Project (translation: Shark Protection Project), a

multifaceted expedition with conservation and education-driven initiatives. An important

function of the project was to assess the loss of elasmobranch biodiversity around the MHIs

with non-invasive techniques such as eDNA and BRUVs analyses, integrating AI to post-

process underwater footage. The expedition produced a total of 74 BRUVs deployments

spanning 145 km around the MHIs, capturing 89 hours of video footage. The BRUVs surveys

were conducted between 07:00 and 15:00 every day from September 17th to September 27th

and October 2nd to October 8th, 2022. Surveys were completed across several locations

around the islands of Lāna‘i, Maui, and Hawaii in shallow reef (2–40 m) and deep reef

(41–250 m) habitats (Figure 3.2B, Appendix E). The BRUVs platform was designed for

benthic deployments on the seafloor. The bait arm extended 1.5 m from the camera view

and consisted of a PVC pipe with a mesh bag attached to one end where bait was loaded.

To minimize ecological footprint, bait consisted of fish scraps sourced from local fish dealers.

The platform settled on the seafloor and recorded a minimum of 60 minutes at 30 fps.

Processing BRUVs

Both surveys recorded underwater video using GoPro Hero models 5 and above, which

partition footage into multiple smaller files per deployment to mitigate data loss and manage

file size. All output video files were processed independently using SharkByte. For consis-

tency and comparability, we selected a subset of five deployments from each survey that had

been manually reviewed by field teams and confirmed to contain shark observations. This

approach ensured that the total number of deployments and the overall video duration were



3.2. METHODS 53

matched across the two regions, allowing for standardized comparisons of annotation time

and detection accuracy.

We processed a total of 13.8 hours of BRUVs footage—6.9 hours from each survey sub-

set. The Palau subset contained 35 videos across five deployments, recorded at 1920×1080

resolution (16:9 aspect ratio) with an average data rate of 29.1 ± 3.6 Mbps and an average

duration of 11.8 ± 4.5 minutes per video (Figure 3.4, Appendix E.1). The MHI subset com-

prised 56 videos across five deployments, varying in resolution from 1920×1080 to 3840×2160

(aspect ratios 4:3 and 16:9), with a higher average data rate of 80.6 ± 24.8 Mbps and shorter

average video length (7.4 ± 2.8 minutes).

To assess tradeoffs between annotation time and detection accuracy, we employed a three-

pronged annotation protocol: (1) a fully automatic method using raw AI detections without

manual review: (2) a semi-automatic method that involved post-processing model detections

to remove false positives: and (3) a fully manual method, in which the observer reviewed

footage at 1× speed and annotated shark occurrences by hand. We assumed the latter

method represented the upper bound of detection accuracy (i.e., 100%), under the assump-

tion that a careful manual review would not miss any sharks present in the footage. For

model inference, we applied a detection confidence threshold of 0.5, meaning only detec-

tions with at least 50% probability were retained. This threshold was chosen to balance

sensitivity (detecting as many true sharks as possible) against precision (limiting false posi-

tives). We processed videos with a frame rate of 0.2 FPS (one frame every five seconds). To

further accelerate object detection and reduce computational load, we resized video frames

to a standardized width of 640 pixels. This configuration balances detection coverage and

processing efficiency, making it suitable for identifying slow-moving or briefly visible sharks

without overwhelming computational or manual review resources. All video processing was

performed on a MacBook Pro (2024) equipped with an Apple M4 chip (10-core CPU), 16 GB
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of unified memory, and running macOS Sequoia 15.5.

Performance

We recorded total annotation time for each workflow and quantified performance using

two complementary metrics.

First, we calculated overall detection accuracy.

Accuracy =
TP + TN

TP + TN + FP + FN
(3.1)

with True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN).

This metric captures the model’s ability to correctly identify both the presence and absence

of sharks, offering a broad assessment of detection reliability across video frames. While

automatic and semi-automatic methods offer substantial efficiency gains, they are unable

to correct false negatives and therefore rely on the fully manual approach to establish a

ground-truth benchmark for missed detections. Further, given that we processed one frame

every five seconds, any shark that appeared for less than this duration, between the sampled

frames, may not have been captured. In such cases, this was deemed a false negative.

We also computed recall, precision, specificity, and the F1 score:

Recall = TP

TP + FN
(3.2)

Precision =
TP

TP + FP
(3.3)

Specificity =
TN

TN + FP
(3.4)

F1 =
2× Precision× Recall
Precision+ Recall (3.5)
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Figure 3.4: The SharkByte GUI enables video-based shark detection and classification.
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F1 reflects the balance between precision and recall and focuses exclusively on the model’s

performance in detecting sharks (the positive class). This is particularly relevant because

true positive detections are more useful for evaluating the recall of the SC at the order,

family, genus, and species level (Figure 3.1). This comparative framework allowed us to

assess both the operational speed and predictive reliability of SharkByte under realistic field

conditions.

Finally, we manually calculated species-specific Mean Maximum Number (MaxN) as an

index of relative abundance:

Mean MaxN =

∑
MaxNh

Total hours (3.6)

where MaxNh represents the maximum number of individuals of a given species observed in

deployment h, and values were averaged across deployments in which the species was de-

tected. This metric provides a standardized, non-redundant estimate of relative abundance

commonly used in BRUVs biodiversity surveys, minimizing the risk of double-counting indi-

viduals [6].

3.3 Results

3.3.1 Species Classification

Using sharkDetectoR, we classified 46,332 held-out sharkPulse images in 16 minutes with

the classify_image function. The taxonomic classifier SC achieved an end-to-end accuracy

of 91.4%, meaning the entire classification pathway (order → family → genus → species) was

correctly identified. Boosting and retraining new data pushed the same end-to-end accuracy



3.3. RESULTS 57

to 92.0% (Appendix C). At individual taxonomic levels, accuracy was 96.9% for order, 95.5%

for family, 93.2% for genus, and 92.0% for species.

3.3.2 SharkByte Performance

Automatic processing took 46.6 minutes for Palau footage and 155 minutes for MHI

footage, reflecting increased processing demands of higher-resolution videos. We processed

9,936 frames in total, of which 644 contained sharks: 599 were correctly detected (45 missed),

while 370 empty frames were falsely identified as containing a shark. Automatic annota-

tion accuracy was similarly high for both sites, at 95.1% in Palau and 94.3% in the MHIs.

Implementing a semi-automatic workflow (manually reviewing and removing false positive

detections) marginally increased accuracy by 0.9% in Palau (96.0%), and 5.5% in the MHIs

(99.8%) at a modest time cost of 4.6 and 10.3 additional minutes, respectively. Conversely,

fully manual annotation, while achieving 100% accuracy, was considerably slower, taking on

average 9.2 (Palau) and 2.7 (MHIs) times longer than the automatic workflow, 12.2 and 7.5

hours respectively. SharkByte flagged only 4% of empty frames as containing a shark.

Notably, shark detection performance varied by location and shark density: in the MHI

survey, where the MaxN never exceeded one shark per frame (see Table C.1), SharkByte

correctly identified sharks in 16 of 22 occupied frames. In Palau, with a higher Mean MaxN

of 3.5 ± 0.05, SharkByte detected at least one shark in 583 of 622 shark-containing frames

but missed some individuals across 248 frames (n = 1.5± 0.7 individuals).

Overall, we observed seven shark species across both surveys, including five Carcharhinus

species, tiger shark (Galeocerdo cuvier), and sicklefin lemon shark (Negaprion acutidens)

(Table C.1). Given a marginal increase to annotation time, the semi-automatic workflow

achieved an F1 detection score of 82% and a recall accuracy of 76.5% when classifying cropped
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individuals (Figure 3.2).

MHI Palau

Species Common Name Mean MaxN n % Drops Depth (m) F1 Recall Mean MaxN n % Drops Depth (m) F1 Recall

C. amblyrhynchos Grey reef shark 0.02 ± 0.01 2 2.7 30–34 0.95 0.71 1.4 ± 0.06 13 27 10 0.92 0.72
C. falciformis Silky shark — — — — — — 0.15 ± 0.3 4 9 10 0.93 0.80
C. galapagensis Galapagos shark 0.01 ± 0.01 1 1.4 30 0.5 1.0 — — — — — —
C. limbatus Blacktip shark 0.01 ± 0.01 1 1.4 56 0.75 0.93 — — — — — —
C. plumbeus Sandbar shark 0.01 ± 0.01 1 1.4 45 0.35 0.63 — — — — — —
G. cuvier Tiger shark — — — — — — 0.04 ± 0.03 1 9 10 0.98 0.87
N. acutidens Sicklefin lemon shark — — — — — — 0.04 ± 0.03 1 9 10 0.82 0.55

Subtotal all species 0.06 ± 0.01 5 6.8 30–56 0.68 0.75 3.5 ± 0.05 19 45 10 0.80 0.71

Table 3.1: Summary of shark species observed from BRUVs surveys conducted in the MHIs
and the Palauan Archipelago. The table reports the average relative abundance (Mean
MaxN hr−1± SE), total number of individuals observed (n), percentage of deployments where
each species was observed (% Drops), and depth or depth range of deployments (Depth in
meters). Detection performance is evaluated using the F1 score, reflecting the accuracy of
automatically detecting sharks within video frames, and recall, representing the accuracy of
subsequent boosted species-specific classification following the data augmentation protocol.
Notably, Carcharhinus amblyrhynchos (grey reef shark) was the most frequently observed
species in Palau (27% of deployments), with notably higher average abundance (Mean MaxN
= 1.4 ± 0.06) and an increased classification recall of +17% (after data augmentation),
compared to the MHIs (2.7% of deployments: Mean MaxN = 0.02 ± 0.01, ∆ Recall =
+5.0%).

3.3.3 Processing and Annotation Performance

Several factors influenced processing and annotation performance. Higher-resolution and

higher data-rate videos increased processing times by approximately 3.3× per minute of

footage (MHI vs Palau) but improved the model’s ability to capture fine morphological

features. At a low sampling rate (0.2 fps), our detector consistently flagged the aggregations

of shark activity, so every shark individual that appeared for a typical residency was captured

at least once, even though many shark-containing raw frames were skipped. This strategy

minimized processing time while preserving sensitivity to individuals, with the only misses

being very brief (<5 seconds), distant in the frame, and isolated from any other shark-rich

segments.
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Detection performance was also influenced by background complexity, lighting, and shark

behavior. In Palau, pelagic BRUVs deployed at 10 meters depth benefited from higher am-

bient light levels and simpler backgrounds, improving the visibility of distinct morphological

features. Conversely, benthic BRUVs in the BRUVs recorded footage with complex back-

grounds (algae, coral reefs, rock formations), high particulate activity, and lower light condi-

tions, contributing to both false positives (e.g., bait canisters, small fish, crabs, vegetation)

and occasional false negatives. While no sharks were completely missed in the MHI footage,

Palau experienced a higher average duration of shark presence per video that contained at

least one shark (7.8 minutes longer) and shark abundance (Mean MaxN 5.8 times higher),

challenging automatic detection, particularly when sharks lingered in distant backgrounds.

Figure 3.5: Annotation time and detection accuracy is represented across processing work-
flows and surveys. Panel (A) shows the time required to annotate shark detections in videos
across the three workflows. Times are shown alongside raw video duration for comparison.
Panel (B) shows detection accuracy across workflows. Boxplots summarize distributions
with points representing individual videos and vertical bars indicating mean values.
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3.4 Discussion

BRUVs and other non-lethal survey approaches are increasingly used as cost-effective tools

to monitor shark populations and address data gaps [60]. However, a persistent limitation is

the substantial effort required to manually process this material [167], which often involves

reviewing thousands of hours of footage and can strain both time and resources. To address

this challenge, we developed an analytical pipeline that automates postprocessing through

a hierarchical CNN, adapted from our previous classifier [78], and a YOLO-based detection

module optimized for underwater shark footage [164]. These were packaged into two acces-

sible, cross-platform tools: the programmatic sharkDetectoR package and the SharkByte

application. We evaluated their performance by processing 46,332 shark images and 13.9

hours of BRUVs video, achieving robust detection and classification accuracy while sub-

stantially reducing annotation time. This workflow further integrates with the sharkPulse

platform, enabling streamlined data submission, expert validation, and retraining to itera-

tively improve species-specific ecological data and model performance.

The SC demonstrated strong classification performance, achieving 92% accuracy across

previously unseen datasets of 46,332 sharkPulse images [52]. Crucially, the hierarchical CNN

structure strategically enhanced accuracy by sequentially conditioning predictions at each

taxonomic level (order → family → genus → species), thereby masking unlikely taxa and

reducing misclassification among visually similar taxa. Automatic classification was made

quicker by employing the GPU-accelerated API processing functions that are directly acces-

sible through the sharkDetectoR package. This processing architecture facilitated seamless

integration into ecological workflows, significantly broadening usability and scalability, en-

abling more reliable species-specific annotations across diverse platforms and heterogenous

datasets.
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In processing BRUV surveys, overall automatic annotation accuracy was high at 94.7%.

Higher-resolution MHI videos resulted in processing speeds roughly three times slower per

minute of video than Palau footage. Despite this, detection rates were somewhat lower in

MHI, with sharks detected in 72.7% (16 of 22) of shark-containing frames versus 93.7% (583

of 622) in Palau. Notably, Palau videos also featured sharks present for longer durations

on average (7.8 minutes longer) and higher abundance (Mean MaxN 5.8 times greater),

factors that both facilitated detections yet sometimes challenged the model when multiple

individuals appeared at a distance. Such conditions increased FN rates. By consistently

detecting the shark nearest the bait, SharkByte enabled reviewers to spot FNs through semi-

automatic annotation. In rare cases where sharks were only present at a distance without

approaching the bait canister (6.3% of shark frames in Palau), all sharks were missed and

could not be recovered even with semi-automatic review, suggesting a need to optimize the

confidence threshold further.

Factors such as simpler backgrounds and lighting, and sustained shark presence coupled

with processing rate likely influenced detection success in Palau [84, 97, 130]. Moderate

reductions in resolution also accelerated processing with minimal loss to detection outcomes,

offering a practical tradeoff that decreases manual review demands while maintaining reliable

annotation across different logistical and environmental contexts [164]. Where brief appear-

ances or subtle morphological features are critical in the MHI survey, higher video quality

may still be advantageous [22], a point future work should explore more systematically.

The broader implications of this work extend beyond methodological innovation, as the

tools developed here open new pathways for how sharks and other data-poor taxa can be

monitored in practice. By automating time-intensive tasks, the SD allow managers to process

thousands of hours of BRUV or opportunistic image and video data that would otherwise

be infeasible to review manually. This capability translates directly into practical appli-
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cations: for example, fisheries observer programs can integrate the workflow to flag shark

bycatch in near real-time, while marine protected area managers can use automated video

annotation from BRUVs or dockside cameras to generate standardized records of shark en-

counters. Port-based footage can directly verify compliance with no-take regulations, while

BRUV biodiversity and abundance baselines track ecological outcomes of protection over

time, providing a dual tool for enforcement and adaptive management. The system also

empowers fishers and citizen scientists by returning immediate identifications and logbook-

ready annotations that incentivize data sharing while reducing barriers to participation.

Permitting and licensing at the commercial and recreational levels could also be linked to

automated bycatch identification systems, significantly expanding the reach of shark moni-

toring with species-specific indices. Taken together, these applications illustrate how these

tools can deliver actionable information to diverse stakeholders, supporting both top-down

policy decisions and bottom-up community engagement in shark conservation.

We highlighted the potential for enhancing AI-driven ecological monitoring through ex-

panded citizen scientist engagement, accessible automated tools, and a robust cyberinfras-

tructure (sharkPulse). The groundwork established here is streamlined automatic annota-

tion workflows, positioning sharkPulse, the SD, and integrated open-source tools as flexible,

robust, and continuously improving platforms. By scaling data generation and model sophis-

tication in parallel, these efforts advance the frontier of automated ecological monitoring,

helping to close critical knowledge gaps and providing conservation and management with a

powerful, adaptive toolkit for safeguarding sharks.



Chapter 4

Leveraging Social Networks and Open

Data for Inferring Shark Population

Trends

63



64
CHAPTER 4. LEVERAGING SOCIAL NETWORKS AND OPEN DATA FOR INFERRING SHARK POPULATION

TRENDS

Abstract

Social networks (SNs) and open biodiversity platforms now generate unprecedented vol-

umes of geotagged media documenting human–wildlife encounters worldwide. Harnessing

these data for ecological inference remains challenging due to platform heterogeneity, in-

consistent metadata, and strong human-driven biases. Here, we develop and benchmark

a reproducible workflow that converts raw posts into standardized ecological observations

and relative abundance indices for sharks. We integrate computer vision for automated de-

tection and taxonomic labeling, natural language processing for spatiotemporal metadata

extraction, and platform-specific filtering to address duplication, aquarium records, and in-

land geotags. We apply this data-crowdsourcing and sanitizing framework to four major

data sources: Instagram (IG), Flickr, iNaturalist (iNat), and Global Biodiversity Infor-

mation Facility (GBIF). We then predict relative abundance as Sightings per Unit Effort

(SPUE) using a negative binomial likelihood with user-activity offsets to control for obser-

vation effort. To evaluate predictive performance, we compared SN trends with independent

long-term Catch Per Unit Effort (CPUE) and Baited Remote Underwater Video (BRUV)

records from well-studied regions, in the Bahamas and Hawaii, that serve as benchmarks

for shark population research. INat records produced the most reliable SPUE trends, while

SN data (IG, Flickr) delivered unmatched volumes of raw shark observations. Modeled tra-

jectories recovered broad regional patterns observed in conventional monitoring, including

multispecies increases in the Bahamas and reef-shark declines around the Main Hawaiian

Islands (MHIs). Together, these results demonstrate that opportunistic digital observations

can yield indicators of relative abundance when standardized for effort and bias. Beyond

case studies, this framework establishes a scalable blueprint for integrating heterogeneous

digital data into wildlife monitoring.
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4.1 Introduction

Sharks are important ecological drivers and charismatic predators that help maintain the

balance of marine environments [40]. Yet, they face increasing threats from fishing pressure,

habitat degradation, and poorly informed conservation and management. These factors have

contributed to a 71% decline in global abundance since 1970 [117]. Observation data from

standardized surveys and fisheries monitoring remain costly and logistically challenging to

collect, and are often undervalued compared to higher-profile fisheries such as tunas and

billfish [43]. As a result, sharks are among the most data-deficient marine groups, with

limited species-specific abundance and distribution indices available for driving actionable

policy [31, 44].

Social networks (SNs) and open biodiversity platforms host immense repositories of vi-

sual content that capture human–wildlife encounters across broad spatial and temporal scales

[108]. These posts and records represent an underused source of ecological information [64].

Instagram (IG), for example, is among the largest image-sharing platforms globally, with

billions of daily uploads: as of September 2025, more than 6.7 million posts include the

hashtag #shark. Flickr, with >10 billion archived photographs, caters to photography en-

thusiasts with rich metadata (e.g., capture time/location, camera settings). Open biodiver-

sity platforms such as iNaturalist (iNat), eBird, and Global Biodiversity Information Facility

(GBIF) provide vetted species observations: iNat includes >153k and ray records spanning

1,251 species, and GBIF hosts >600k shark occurrences with links to survey programs. To-

gether, these sources deliver opportunistic, global coverage that is difficult to achieve with

traditional monitoring alone [108, 159].

Geotags and timestamps enable precise locations of encounters, supporting analyses of

occurrence, relative abundance, migratory and seasonal activity, and shifts in distribution
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ranges [149]. Hashtags function as simple classification filters that group posts into relevant

data pools (e.g., #shark, #greatwhiteshark), allowing targeted retrieval of shark-related

content. Captions, comments, and tags can enhance the reliability of taxonomic and spa-

tiotemporal information [127]. Yet harnessing these data for population inference requires

addressing platform-specific biases and enforcing reproducible standards.

A central challenge for shark conservation is the scarcity of reliable, species-specific pop-

ulation indices, especially in regions where formal monitoring is limited. sharkPulse demon-

strated that SNs can generate verified records of global shark presence [52]. However, social

media is not typically designed for ecological monitoring: posts cluster around popular dive

sites, tourism seasons, or fishing activity, and their quality varies depending on the user and

the platform. Incorporating transparent user activity is the next crucial step in standardiz-

ing SN records so that indices reflect biological abundance rather than fluctuations in how

many people are posting.

Different platforms pose different challenges for meeting metadata quality requirements

and revealing user engagement. IG contains unmatched volumes of shark encounters but

severely restricts access to data and user activity through its official Application Program-

ming Interface (API) [12]. Flickr provides spatiotemporal indicators but has more limited

user engagement. By contrast, iNat and GBIF supply higher-quality identifications and

transparent access policies, though their coverage is narrower in scope. These platform

differences induce distinct biases that must be acknowledged when interpreting opportunis-

tic records. Visibility bias favors charismatic species and popular dive sites, participation

bias reflects patterns in human population density and tourism, and annotation bias arises

from variable taxonomic skill and incomplete metadata [160]. Left unaddressed, these biases

risk producing indices that reflect human behavior without a clear indication of ecological

dynamics.
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Overcoming these challenges requires systematic workflows that can filter noisy content,

standardize observations against measures of posting effort, and provide explicit estimates of

uncertainty. In this way, opportunistic posts can be transformed into ecological indices more

comparable to conventional surveys. Our study builds on prior work showing that SNs can

yield valid species occurrences [52], extending this potential to evaluate population trends

while critically examining the limitations and biases unique to each platform.

In this study, we evaluate these platforms across the dimensions of access, metadata qual-

ity, and observation volume (Figure 4.1). We assess how SN records can be converted into

meaningful indicators of shark population change. We leverage IG, Flickr, iNat, and GBIF

as complementary sources of shark occurrences and develop semi-automated, reproducible

pipelines to source, filter, and annotate posts for population inference. We focus on two well-

studied regions (the Bahamian and Hawaiian archipelagos) to benchmark trends as Sightings

per Unit Effort (SPUE) trajectories. We compare these trends with historical assessments in

the region that have generated independent indices (e.g., Baited Remote Underwater Video

Systems (BRUVs) and fishing surveys). Our aim is not to replace conventional monitoring,

but to provide a transparent blueprint for integrating large, opportunistic digital signals

with formal ecological assessments. This approach expands spatial coverage, increases tem-

poral resolution, and reduces the cost of generating species-specific indices while explicitly

accounting for bias and uncertainty.

4.2 Methods

We evaluated several systematic approaches for accessing and processing SN data, with

particular attention to platform limitations, ethical and legal considerations, and data qual-

ity challenges (Figure 4.2). When species-specific filtering options were unavailable, we fo-
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Figure 4.1: Evaluation of raw observation potential, accessibility, and metadata quality by
platform.
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cused on distinct shark hashtags or textual searches, employing both open-source tools and

proprietary third-party platforms to collect posts. Each approach had unique operational,

ethical, and accessibility constraints that influenced the comprehensiveness and transparency

of data collection. These limitations highlighted the need to account for inaccessible posts,

duplicated content, and unknown retrieval constraints. We applied several filtering and

annotation workflows designed to automatically generate shark observations with crucial

ecological metadata such as location and time. This ecological context was assigned using

user- and platform-generated metadata as well as morphological attributes automatically

classified from images. Subsequently, depending on the platform, we sourced sub-samples

or total user engagement to standardize observations.

To evaluate relative shark abundance, we converted posts into effort-standardized indices

for two data-rich regions—the Bahamas and Hawaii—where long-term monitoring and histor-

ical surveys provide useful context. Records were aggregated into monthly units and paired

with platform-specific proxies of observation effort. For each temporal bin, we computed

SPUE indices and predicted temporal patterns using Generalized Linear Models (GLMs),

assuming counts followed a negative binomial distribution. Both human-validated and au-

tomatically identified shark observations were analyzed to assess trade-offs between manual

versus automated pipelines. Resulting indices were compared with independent survey trends

to evaluate the effectiveness of our data workflows and modeling choices for guiding future

efforts.
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Figure 4.2: Filtering and data-assignment workflows by platform. The black dots are filtering
steps, and the green dots represent metadata that is already available on the platform.

4.2.1 Instagram and Flickr

Wemined IG posts and associated metadata from three species-specific hashtags: #whaleshark,

#blueshark, and #tigershark (Figure 4.2). These species were selected because they are

morphologically distinct, rich with data, rarely confused with other taxa, and therefore sim-

pler to validate. We collected posts with two open-source tools: InstaCrawlR [132] and a

third-party scraping platform, Apify [155].

From Flickr, we obtained posts through the public API. We adapted the photosearcher
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package [55] to automatically subdivide the retreival date windows whenever Flickr’s 4,000-

record per-query limit was reached. Queries were built from a PostgreSQL table shark_names

containing 9,453 common names corresponding to 532 shark species in 56 languages, com-

piled from FishBase [17, 57]. Searches were performed separately for common and scientific

names. Only posts with geolocation metadata were retained, including both date-taken and

date-uploaded fields. Previously completed queries were tracked to avoid redundancy, and

randomized pauses were inserted to comply with API rate limits.

After posts were obtained, we assigned taxonomic labels with the hierarchical Shark

Detector (SD) framework [52, 78] (Chapter 2, 3). This model applies a binary shark vs.

non-shark classifier, followed by conditional classifiers at the order, family, genus, and species

levels. The training dataset, sourced from sharkPulse, comprises over 200k images of 80 shark

species [52]. Model training and application were implemented using the sharkDetectoR

package [75] (Appendix C).

After assigning taxonomic labels, we assigned location to IG posts because geotags are

stripped upon upload. IG posts were geolocated using the Google Maps API geocoding

function [62] applied to the post text metadata. Where explicit location tags were available

(e.g., Tiger Beach, Bahamas), we queried the geocoding function and stored the centroid of

the returned place polygon as the post coordinates. For posts without explicit location tags,

the full post text was submitted to the same API, and the first set of returned coordinates

was recorded. We validated the accuracy of this approach by surveying 197 IG users of posts

that were automatically identified as a shark, assigned location and date, and then validated

by a human. We asked the user to confirm the precise location and date of the sighting. To

remove duplicate IG posts, we used the hashlib Python library [66] to compared pixel values

across the pool of geocoded images. This allowed us to identify and flag reposts of the same

shark observation. In addition to geocoding, we systematically filtered out misclassified or
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non-wild observations. Posts falling within 10 km of inland areas were flagged as erroneous

geotags, while posts within 1 km of known aquaria were classified as aquarium records rather

than wild observations [52].

We manually reviewed IG and Flickr posts to assess the accuracy of automatic data-

generation approaches. To scale this process, we developed a dedicated web application

called the Validation Monitor which compiles potential shark posts into a streamlined in-

terface where citizen scientists can confirm species identity, location accuracy, and whether

an observation occurred in an aquarium, while also adding notes. Upon a citizen science

validation, a sharkPulse expert revalidated the sighting to append a higher confidence label

and assess the precision of automatic taxonomic labeling. Citizen scientists reviewed 4,844

IG posts and 5,679 Flickr posts in total. At least one sharkPulse expert revalidated 4,543

IG posts and 933 Flickr posts that were previously labeled by the SD and then a citizen sci-

entist. With the revalidation checks, we calculated the species-level classification accuracy

of the SD to correctly identify posts from both SNs.

4.2.2 iNaturalist and GBIF

To obatain appropriate records from iNat, all shark observations were queried using the

rinat R package [11]. A one-time global sweep collected all shark records, which were

archived in a PostgreSQL table. Observations were downloaded with filters for taxon, date,

and geographic bounds. Monthly automated updates retrieve only new records.

Global shark records were retrieved from GBIF using bulk-download services targeting

Selachimorpha with the rgbif R package [29]. Metadata were downloaded in a Darwin

Core (DwC) archive format [172], including linked still images. Each record was linked to

event- and parent-event identifiers, allowing survey-level grouping. To avoid duplication

https://sp2.cs.vt.edu/validation-monitor/
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between the iNat scrape and iNat records ingested by GBIF, we excluded iNat’s dataset

key and parsed identifiers embedded in GBIF fields. Records were inserted into a unique

PostgreSQL table and curated for valid coordinates, dates, and taxonomy.

We accepted Research Grade-labeled records as ground truth because they require date,

location, media, and community taxonomic consensus (two-thirds agreement among identi-

fiers), and form the basis for data shared between iNat and GBIF. The remaining records

were labeled as NeedsID or Casual indicating a taxonomic consensus had not been reached,

thus we excluded these from downstream analyses. Due to the records’ verified taxonomy

and high quality metadata, we did not need to employ the sharkDetectoR, spatiotempo-

ral assignment workflows, or post-crowdsourcing human checks (Figure 4.2). However, we

filtered posts geolocated inland and near or within an aquarium to retain more precise spa-

tiotemporal records.

4.2.3 Observation Effort: Flickr and iNaturalist

Quantifying observation effort is essential for interpreting changes in shark reporting

activity and distinguishing true biological trends from fluctuations in user engagement. Be-

cause social and citizen science platforms differ widely in accessibility and data structure,

direct measures of effort must be adapted to each source. This section describes how effort

was estimated or inferred for platforms with openly accessible metadata, focusing on Flickr

and iNat where reliable indicators of user activity could be derived.

Generating transparent measures of IG user activity—or even reliable subsamples as prox-

ies for observation effort—was not feasible due to strict privacy protections and limited data

accessibility. In contrast, GBIF provides meaningful indicators of observation effort: how-

ever, shark records are aggregated across numerous individual surveys that report effort
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using inconsistent formats and indices. As a result, additional data-structuring workflows

are required to harmonize and integrate these heterogeneous survey strategies. From both

platforms, however, verified shark observations were immediately piped into the training

dataset of the SD, increasing its predictive performance.

We quantified user effort associated with shark observations on Flickr and iNat to stan-

dardize sightings across space and time. For Flickr, we treated the density of non-shark

images (classified from the broader pool of platform posts) as a proxy for user activity, pair-

ing these records with shark observations within the same spatiotemporal bins. For iNat,

we estimated effort more directly by retrieving all non-shark observations recorded within

the same spatial and temporal boundaries as the shark queries, thereby providing an index

of overall reporting intensity.
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Figure 4.3: Automated workflow for sourcing and filtering shark observations from four
major open data platforms. Total posts represent the first ingested pool of images, records,
and/or posts from each platform.

4.2.4 Predicting Relative Abundance

To model temporal patterns in shark observations, we compiled the naturally occurring,

georeferenced posts within the study-region bounds of the Main Hawaiian Islands (MHIs) and

the Bahamian archipelago. Code to reproduce these methods can be found in Appendix A.

Two models were fitted to the number of shark observations (Yt) per month (Equation 4.2)

or year (Equation 4.3), with corresponding measures of user effort (Et) expressed as the

total number of posts or observations on the same platform. Because these data arise from

opportunistic reporting, counts of shark posts are typically overdispersed relative to a Poisson
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process. We therefore modeled Yt using a negative binomial distribution (Equation 4.1) with

mean µt and dispersion parameter k:

Yt ∼ NegBin(µt, k), log(µt) = ηt (4.1)

where ηt is the linear predictor. User effort (Et) was incorporated as an offset term to

standardize for unequal reporting intensity across time. Models 1 and 2 were plotted on

the same graph as a trend line and yearly predictions respectively, illustrating the results in

Figures 4.8-4.11.

Model 1: Long-term Smooth Trend. To capture smooth, gradual changes in relative

shark abundance, we first modeled time as a continuous covariate:

ηt = β0 + β1 (Yeart) + γ1 sin
(
2πMontht

12

)
+ γ2 cos

(
2πMontht

12

)
+ log(Et) (4.2)

Here, the sine and cosine terms explicitly model cyclic seasonal effects within a calendar

year, ensuring reproducibility of the seasonal component. The coefficient β1 describes the

long-term temporal trajectory.

Model 2: Independent Yearly Estimates. To evaluate year-to-year variability inde-

pendently of any assumed functional form, we fitted a parallel model treating year as a

categorical factor:

ηt = α0 + αYear(t) + γ1 sin
(
2πMontht

12

)
+ γ2 cos

(
2πMontht

12

)
+ log(Et) (4.3)

where αYear(t) denotes the coefficient associated with Year t, where each year is treated as a

categorical factor. This formulation yields discrete, independent point estimates of expected
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shark counts per year.

Deriving Relative Abundance Indices. From both models, the fitted mean counts µ̂t

were converted to SPUE indices by standardizing to a fixed unit of user effort (1,000 posts

or records):

SPUEt =
µ̂t

Et/1000
(4.4)

This standardization removes the effect of changing platform activity, allowing temporal

comparison of relative abundance across years and between platforms. Model 1 provides

a smoothed representation of overall temporal trends, while the independent yearly model

highlights interannual fluctuations and uncertainty. Goodness-of-fit diagnostics and residual

plots evaluating model performance are provided in Appendix G.

4.2.5 Comparative Analysis

To evaluate whether SN abundance indices captured the direction of known population

trends, we compared our SPUE time series with independent assessments of shark abundance.

The comparison focused on taxa well represented in our datasets and with documented

monitoring records from overlapping or ecologically adjacent regions.

We expanded our spatial scope beyond the immediate archipelagos (Hawaiian and Ba-

hamian) to include relevant studies from the broader Central Pacific and Western Atlantic

basins, as population trajectories for many shark species are assessed at regional or oceanic

scales.

Data sources and search strategy. We performed targeted searches across scholarly

databases (Google Scholar, Web of Science) and institutional portals (e.g., International
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Union for Conservation of Nature (IUCN) Red List species accounts, national and state re-

source agencies, longline observer programs, and regional field stations). Search strings

combined regional terms (e.g., “Hawaii,” “Northwestern Hawaiian Islands,” “Bahamas,”

“Bimini,” “Eleuthera,” “Caribbean,” “Central Pacific”) with taxonomic and methodolog-

ical keywords (“shark*”, “abundance”, “trend”, “Catch Per Unit Effort (CPUE)”, “BPUE”,

“biomass”, “catch rate”, “Maximum Number (MaxN)”, “encounter rate”, “longline”, “BRUV”,

“diver survey”).

Eligible sources were required to report multi-year abundance indices or clear trend state-

ments at the species or assemblage level, with sampling effort and methods explicitly defined.

Spatial footprints were checked to ensure coverage within or directly adjacent to our focal

regions.

Data extraction. For each source, we recorded the following: region or site(s), species

or species group, study period, index type (e.g., CPUE, BPUE, biomass, MaxN, encounter

rate), and the direction of the reported trend (increase, decrease, stable, mixed/uncertain).

When raw time-series data were available, we verified the direction empirically: otherwise, we

used the authors’ qualitative descriptions. We noted contextual factors that might influence

comparability, such as baiting practices, tourism intensity, site fidelity, or habitat differences.

Comparison and rationale. We compared the direction of change (↑ increase, ↓ decrease,

≈ stable, ? uncertain). This approach reduced biases caused by differences in sampling

design, spatial coverage, and survey effort among studies. Focusing on directionality provided

a consistent basis for testing whether social media trends aligned with established empirical

trajectories.

When multiple species within a region were available, species-level directions were aver-
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aged qualitatively to derive a composite multi-species index (Table 4.1). We then classified

the level of agreement between iNat SPUE trends and independent sources as:

• Agree: same directional trend during overlapping years,

• Disagree: opposite direction,

• Mixed: conflicting evidence among external sources,

• Unknown (?): insufficient reference information.

Agreement between Flickr SPUE and reference trends can be inferred from Table 4.1, but

not explicitly reported, as Flickr data include unverified automatic classifications that reduce

trend reliability. All comparisons emphasized qualitative concordance in trend direction and

temporal consistency across methods.

4.3 Results

4.3.1 Overview of Social and Open-Data Sources

Across platforms, we compiled a total of more than 5.4 million posts and records from

IG, Flickr, iNat, and GBIF. Roughly two million GBIF entries were immediately excluded

as absence records from systematic surveys or as non-human observations. Together, the

remaining datasets represent one of the largest consolidated records of shark occurrence de-

rived from opportunistic and open-access sources to date. Open-data repositories such as

iNat and GBIF provided structured access and consistent metadata that enabled large-scale,

reproducible data harvesting. In contrast, SNs such as IG and Flickr required customized

data-mining workflows to overcome platform-specific limitations (Figure 4.2), yet ultimately
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provided complementary and otherwise unavailable observations (Figure 4.3). These com-

bined sources significantly expanded global coverage of shark occurrences (Figures 4.4, 4.5,

4.6, and 4.7), underscoring the value of integrating citizen science platforms with SN media

to reconstruct species distributions at scale.

4.3.2 Instagram and Flickr

From IG, we mined 418,091 posts tagged with three species-specific hashtags: #whaleshark

(Rhincodon typus), #tigershark (Galeocerdo cuvier), and #blueshark (Prionace glauca).

Subsequent data acquisition with Apify targeted the hashtags #tigershark and #whaleshark

to broaden coverage and test platform limits, retrieving 85,836 #tigershark and 325,110 #whaleshark

posts between June 2012 and November 2022.

Taxonomic classification using the hierarchical SD framework identified 208,924 posts as

containing sharks. Among these, 60,155 posts (29%) were successfully geocoded using the

Google Maps API. From surveing the 197 IG users, 99 responded and confirmed timestamp

accuracy of 94.9% (within one month) and location accuracy of 82.8% (within 300 km)

[52]. Further spatial filtering excluded duplicate and misclassified records, as well as posts

occurring within 10 km of land or within 1 km of known aquaria.

From Flickr, we collected 2,356,977 posts spanning 11 September 2001 to 10 August 2025

(Figure 4.3). Posts were obtained through the public API using an adapted version of the

photosearcher package, which automatically subdivided retrieval windows to bypass the

platform’s 4,000-record query limit. The search dictionary comprised 9,453 common names

corresponding to 532 shark species across 56 languages, compiled from FishBase. Automated

monthly updates ensured continuous ingestion of newly uploaded media containing shark

names. Taxonomic labeling through the hierarchical SD model identified 51,285 posts as
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shark-containing, while the Validation Monitor facilitated manual review of 5,679 posts and

expert revalidation of 933 entries. This process yielded a reproducible, scalable mechanism

for harvesting and verifying global shark observations from Flickr [52].

Automatic Taxonomic Classification

Automatic species-level classification assigned 79 unique species labels to shark posts pro-

cessed with SD versions 1–4 [52, 78] (Chapters 2, 3). Within the automatically identified

pool, 33,835 IG posts were recognized as reposts of the same shark observation. Cross-

validation of 4,543 IG posts representing 15 species—each sequentially classified by the bi-

nary and multi-class SD, validated by a citizen scientist, and subsequently revalidated by a

sharkPulse expert—showed that 3,841 posts (84.5%) were correctly identified to the species

level across eight species. Only one post corresponded to a species not currently included in

the SD taxonomy (Carcharhinus perezii). For Flickr, 933 posts encompassing 40 species met

the same validation criteria, of which 681 (73%) were correctly classified across 23 species,

while 25 posts (10 species) corresponded to taxa not yet supported by the SD. These results

indicate that expanding the SD’s taxonomic coverage would further improve classification

accuracy, particularly for species more frequently reported on Flickr.

4.3.3 iNaturalist and GBIF

As of August 2025, the iNat-sourced dataset contained 57,620 global shark observa-

tions spanning from 1920 to the present. Of these, 50,804 records (88%) were classified

as Research Grade and used as the primary input for abundance modeling.

The curated GBIF dataset comprised 2,635,400 records, of which 625,568 passed all fil-

ters for valid coordinates, accepted taxonomy, and human verification. These records were

https://sp2.cs.vt.edu/validation-monitor/


82
CHAPTER 4. LEVERAGING SOCIAL NETWORKS AND OPEN DATA FOR INFERRING SHARK POPULATION

TRENDS

distributed across 76,929 event identifiers (single surveys) and 4,711 parent-event identifiers

(survey groups). Historical records extend back to the 1600s, while the densest concentration

of modern observations spans 1945 to July 2025 (assessed August 2025). All GBIF records

were cross-checked to remove duplicates with iNat, and inland or aquarium-proximate records

were filtered out to retain only reliable, wild observations.

4.3.4 Observation Effort: Flickr and iNaturalist

In the Bahamas, we automatically identified 3,360 Flickr shark observations and 23,817

non-shark observations. iNat users submitted 1,102 shark and 57,995 non-shark observations

within the study area. In the MHIs, we automatically identified 852 shark Flickr observations

and 12,393 non-shark observations. iNat users submitted 1,140 shark and 104,866 non-shark

observations. These non-shark records served as a proxy for observation effort.
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Figure 4.4: Global distribution of IG shark observations.

Figure 4.5: Global distribution of Flickr shark observations.



84
CHAPTER 4. LEVERAGING SOCIAL NETWORKS AND OPEN DATA FOR INFERRING SHARK POPULATION

TRENDS

Figure 4.6: Global distribution of iNat shark observations.

Figure 4.7: Global distribution of GBIF shark observations.

4.3.5 SPUE trends

When grouped spatially by the two case-study regions, platform SPUE predictions often

showed similar trends, suggesting that they both captured their respective user engagement.

Flickr trends should be interpreted cautiously given uncertainties in automatic annotation,

whereas iNat indices provide a stronger ecological baseline.

Modeled SPUE trends show annual mean values (points) with 95% confidence intervals

(error bars) and fitted GLM trajectories (solid lines with shaded 95% confidence ribbons)

(Figures 4.8, 4.9, 4.10, and 4.10). An example of observed data and model diagnostics are

presented in Appendix G to exhibit a typical modeled species’ goodness-of-fit.
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Flickr

To reveal taxonomic confidence of predicted SPUE trends, we appended the SD’s species-

specific classification accuracy for each modeled species (Figures 4.8 and 4.9).

Bahamas. Species-specific SPUE trends from Flickr indicate heterogeneous population

trajectories among seven focal shark species across the Bahamian archipelago (Figure 4.8).

Reef-associated taxa such as the nurse shark (Ginglymostoma cirratum) and whitetip reef

shark (Triaenodon obesus) exhibited modest annual declines of –4.9% (95% CI: –9.4 to –0.2%)

and –7.3% (95% CI: –14.8 to 0.8%), respectively. The tiger shark (Galeocerdo cuvier) showed

a stronger negative trend of –9.2% per year (95% CI: –16.1 to –1.8%). In contrast, coastal

species including the Caribbean reef shark (Carcharhinus perezii) and bull shark (C. leucas)

displayed weak positive trajectories of 6.4% (95% CI: –4.1 to 18.0%) and 6.8% (95% CI:

–4.5 to 19.4%) per year, respectively. The blacktip reef shark (C. melanopterus) exhibited

the clearest increase, rising by 13.7% annually (95% CI: 3.4 to 25.1%). Collectively, these

trends suggest stable to increasing encounters for nearshore Carcharhinus species and modest

declines among larger, wide-ranging taxa, underscoring spatial and ecological contrasts in

shark occurrence patterns throughout the Bahamas.

Hawaii. Species-specific SPUE trends from Flickr for Hawaii indicate lower reporting in-

tensity and greater uncertainty than in the Bahamas, reflecting comparatively fewer shark

observations across the archipelago. Reef-associated taxa displayed mixed or declining tra-

jectories. The grey reef shark (Carcharhinus amblyrhynchos) and Galapagos shark (C. gala-

pagensis) declined markedly by –19.5% (95% CI: –27.8 to –10.3%) and –15.5% (95% CI:

–29.3 to 0.9%) per year, respectively. The whitetip reef shark exhibited a modest, uncer-

tain increase of 2.4% per year (95% CI: –1.9 to 6.8%). Among pelagic species, the tiger
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Figure 4.8: Flickr SPUE trends exhibited for seven shark species in the Bahamas. The points
and error bars represent interannual predictions and variability. Upward arrows represent
extended arrow bars, while the pink-colored line and ribbon represent the platform-specific
colored long-term predictions and uncertainty within a 95% confidence interval.
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shark and whale shark both showed shallow but uncertain declines of –5.1% (95% CI: –

15.1 to 6.0%) and –7.3% (95% CI: –20.3 to 7.8%), respectively. The scalloped hammerhead

(Sphyrna lewini) exhibited a moderate annual decline of –6.2% (95% CI: –11.7 to –0.2%).

Collectively, these results point to generally decreasing or variable encounter frequencies for

both reef-associated and pelagic sharks in Hawaii, consistent with reduced observation effort

and greater temporal variability relative to the Bahamas.

Figure 4.9: Flickr SPUE trends for seven shark species in the MHIs. The points and error
bars represent interannual predictions and variability. Upward arrows represent extended
arrow bars, while the pink-colored line and ribbon represent the platform-specific colored
long-term predictions and uncertainty within a 95% confidence interval.

iNaturalist

Bahamas. Species-specific SPUE trends from iNat show strong and consistent increases

across all nine focal shark taxa in the Bahamas. Reef-associated species such as the nurse
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shark and lemon shark (Negaprion brevirostris) increased by 13.9% (95% CI: 10.2 to 17.8%)

and 35.7% (95% CI: 27.2 to 44.9%) per year, respectively, while the bull shark and blacktip

shark (C. limbatus) exhibited similar or stronger increases of 36.2% (95% CI: 24.9 to 48.6%)

and 42.7% (95% CI: 30.4 to 56.2%) per year. The tiger shark and great hammerhead shark

(Sphyrna mokarran) also rose sharply by 20.7% (95% CI: 8.8 to 33.8%) and 18.8% (95% CI:

7.0 to 32.0%) annually. Smaller-bodied coastal species, including the bonnethead shark

(Sphyrna tiburo) and Atlantic sharpnose shark (Rhizoprionodon terraenovae), increased by

12.4% (95% CI: 6.6 to 18.4%) and 33.5% (95% CI: 17.9 to 51.2%) per year, respectively.

The silky shark (C. falciformis) exhibited the strongest rise, increasing by 56.6% annually

(95% CI: 16.5 to 110.4%). Collectively, these results indicate broad and substantial up-

ward trends in reported shark encounters across both coastal and pelagic taxa, reflecting

rising observation rates and potentially increasing shark presence throughout the Bahamian

archipelago.

Hawaii. Species-specific SPUE trends from iNat in Hawaii reveal predominantly stable

to declining trajectories across most taxa. Reef-associated species exhibited the strongest

negative trends: the scalloped hammerhead shark declined by –10.9% per year (95% CI:

–19.5 to –1.5%), and the grey reef shark decreased by –14.0% annually (95% CI: –23.3 to

–3.5%). The blacktip reef shark showed a weak, uncertain decline of –4.4% (95% CI: –12.3

to 4.3%), while the whitetip reef shark increased modestly by 6.5% (95% CI: 2.9 to 10.1%)

per year. Among wide-ranging or seasonally coastal taxa, the tiger shark showed a near-

stable trajectory (–0.5% per year: 95% CI: –9.0 to 8.8%), and the whale shark declined

slightly by –6.4% (95% CI: –16.1 to 4.4%). The Galapagos shark exhibited a weak positive

trend of 7.7% (95% CI: –0.5 to 16.6%), while the blacktip shark increased by 10.5% annually

(95% CI: –6.3 to 30.3%). Overall, these trends indicate generally lower or variable encounter

rates for reef-associated sharks near the MHIs, contrasting with occasional increases among
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Figure 4.10: iNat SPUE predictions for nine species in the Bahamas. The points and error
bars represent interannual predictions and variability. Upward arrows represent extended
arrow bars, while the green-colored line and ribbon represent the platform-specific colored
long-term predictions and uncertainty within a 95% confidence interval.
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more mobile coastal and pelagic species.

Figure 4.11: iNat SPUE predictions for eight species in the MHIs. The points and error
bars represent interannual predictions and variability. Upward arrows represent extended
arrow bars, while the green-colored line and ribbon represent the platform-specific colored
long-term predictions and uncertainty within a 95% confidence interval.

Across both platforms, SPUE trends reveal clear regional contrasts in shark occurrence

patterns. In the Bahamas, Flickr and iNat data consistently indicate strong increases across

most species and ecological groups, reflecting recurrent observations of reef-associated and

coastal taxa. In contrast, Hawaii shows predominantly stable or declining trajectories, par-

ticularly among reef-associated species, with only a few wide-ranging taxa exhibiting weak

or uncertain increases. Together, these findings demonstrate that SN SPUE indices can de-

tect broad-scale differences in shark population trajectories and observation effort between

regions.
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4.3.6 Comparative analysis

We sourced independent abundance assessments that report the following indices: re-

search longline CPUE, BRUV MaxN, and standardized visual encounter surveys (Table 4.1).

The Bahamas literature is dominated by coastal longline programs [65, 81, 104, 124], oppor-

tunistic and acoustic studies [148], and BRUVmonitoring across protected and non-protected

sites [13, 24, 51]. Hawaii sources emphasize longline catch data [39], extensive BRUV and

visual surveys [5, 6, 7, 8, 37], and tourism or telemetry studies documenting tiger and reef

shark encounters [51, 105, 106, 141].

Overall, directional agreement between SPUE and published indices was strongest for (i)

coastal Bahamian species with sustained monitoring, and (ii) the well-documented decline

of reef-associated sharks in Hawaii relative to the Northwestern Hawaiian Islands. Flickr

trends disagreed more strongly than iNat trends, and were often attributable to differences

in sampling scope (e.g., nearshore SPUE versus offshore longline CPUE) and uncertainty

in automatic taxonomic classification for Flickr observations. Several taxa (particularly

hammerheads) showed mixed or uncertain patterns due to limited temporal coverage and

low observation encounters.

Bahamas comparisons. iNat SPUE trends for the Bahamas show widespread increases

among coastal and reef-associated species such as tiger, lemon, nurse, and hammerhead

sharks (great and bonnethead). These directions align with longline and BRUV programs

reporting stable or increasing abundance during overlapping years [24, 65, 81, 104, 120]

(Table 4.1). In particular, Tiger Beach has become a predictable aggregation site for female

tiger sharks, where protection under the national shark sanctuary (since 2011) and regulated

ecotourism may reinforce continued high encounter rates [13, 148].



92
CHAPTER 4. LEVERAGING SOCIAL NETWORKS AND OPEN DATA FOR INFERRING SHARK POPULATION

TRENDS

Hawaii comparisons. In Hawaii, SPUE trends largely mirror independent observations

showing reduced reef-shark abundance around populated MHI reefs compared to the North-

western islands [6, 8, 51, 141]. Declines in whitetip, blacktip, grey reef, Galapagos, and

sandbar sharks are consistent across sources, whereas tiger sharks exhibit stable to slightly

increasing trends, matching telemetry and encounter studies that highlight frequent coastal

residency near human activity [106] (Table 4.1). Flickr and iNat report declining scalloped

hammerhead populations, congruent with longline surveys [39].

Together, these comparisons show that SN SPUE indices broadly reproduce known re-

gional population patterns—detecting coastal shark recovery and protection effects in the

Bahamas, and reef-shark depletion near developed islands in Hawaii—while remaining sen-

sitive to data gaps and observational biases.
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Region Species / Group Flickr

SPUE

iNat

SPUE

Reference

Trend

Agreement

(iNat &

Refer-

ence)

Method Type

Bahamas Galeocerdo cuvier

(Tiger)

↓ ↑ ↑ Agree Longline (CPUE)

Bahamas Negaprion brevirostris

(Lemon)

? ↑ ↑ Agree Longline (CPUE)

Bahamas Ginglymostoma

cirratum (Nurse)

↓ ↑ ≈ / ↑ Mixed BRUVs (MaxN)

Bahamas Sphyrna mokarran

(Great hammerhead)

? ↑ ↑ Agree Mixed (CPUE + BRUVs)

Bahamas Sphyrna tiburo

(Bonnethead)

? ↑ ↑ Agree Longline (CPUE)

Bahamas Reef sharks (Whitetip,

Blacktip, Grey,

Caribbean)

≈ ↑ ↑ / ≈ Mixed BRUVs / Visual

Hawaii Reef sharks (Whitetip,

Blacktip, Grey,

Galapagos, Sandbar)

mixed ↓ ↓ Agree BRUVs / Visual

Hawaii Galeocerdo cuvier

(Tiger)

≈ ↑ ≈ / ↑ Mixed Visual / Telemetry

Hawaii Sphyrna lewini

(Scalloped

hammerhead)

↓ ↓ ↓ Agree Longline (CPUE)

Hawaii Carcharhinus

amblyrhynchos (Grey

reef)

↓ ↓ ↓ Agree BRUVs (MaxN)

Table 4.1: Comparison of Flickr and iNat SPUE trends with independent reference assess-
ments from longline, BRUV, and visual encounter studies. Agreement categories denote
directional consistency between SPUE and published indices: Agree = consistent trend di-
rection: Mixed = partial or conflicting evidence: Unknown = insufficient data. When a
trend direction is marked with ≈, it denotes a weak or stable trend. If combined with an-
other directional symbol, it indicates that a secondary reference study and/or method (e.g.,
CPUE, BRUV, or SPUE) provided additional evidence for the same regional population.
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4.4 Discussion

Our results show that large, heterogeneous digital observation streams can be converted

into indices of relative abundance that reveal patterns in shark populations across regions. By

pairing platform records with effort indicators, we modeled counts with a negative binomial

distribution and obtained SPUE time series that align in direction with independent assess-

ments. In the Bahamas, iNat indicate multispecies increases among coastal and reef taxa,

consistent with protection and predictable aggregation sites reported elsewhere [81, 104, 148].

Around the MHIs, reef-associated species tend to be stable or declining (shown by iNat and

Flickr) while some wide-ranging taxa appear flatter, echoing contrasts between populated

and remote islands documented by BRUVs, visual surveys, and telemetry [6, 8, 106]. These

agreements are not uniform and should not be read as replacements for CPUE or BRUVs:

rather, they indicate that filtered posts, once standardized by effort, can complement con-

ventional monitoring methods at low cost.

Platform differences explain much of the remaining divergence. iNat offers community-

vetted taxonomy and consistent spatiotemporal fields, which produced the most stable SPUE

estimates in our case studies. Flickr’s deep archive and metadata are valuable, but automatic

species labels and more touristic behavior introduce annotation and participation bias that

widen uncertainty. Our expert rechecks improve reliability, yet this is manually tedious with-

out stronger citizen science engagement. IG contains unmatched volumes of recent shark

encounters but limited programmatic access prevents reproducible effort standardization,

constraining current utility for formal indices despite clear scientific potential. While these

raw observations are currently challenging to standardize, they are still useful for training

the SD, boosting its taxonomic range and classification performance. With further stan-

dardization of GBIF’s ingested systematic surveys, incorporating presence/absence indices

will further supplement the value of this workflow. Across all platforms, visibility bias to-
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ward charismatic species and popular sites, uneven participation across seasons and regions,

and mismatches with reference series (for example, nearshore SPUE versus offshore longline

CPUE) encompass the limitations. Within these limits, SPUE should be viewed as an index

of encounter rate that primarily reflects changes in direction, timing, and spatial differences

in relative abundance.

The Bahamas patterns illustrate how management and human activity can shape de-

tectability in ways that are still ecologically meaningful. The sanctuary designation and

long-standing limits on commercial longlining align with increasing SPUE for multiple taxa,

including charismatic and coastal species frequently encountered by observers. In Hawaii,

the consistent declines in reef-associated sharks near the MHIs mirror independent evidence

for lower predator densities around populated islands relative to the Northwestern Hawaiian

Islands, with wide-ranging species showing flatter or uncertain trajectories. These contrasts

suggest that citizen science observations, when modeled with effort offsets and seasonality,

can recover real differences in relative abundance even when absolute abundance is unknown.

A tangible example is the bonnethead shark in the Northwest Atlantic region. Our iNat

SPUE indicates a clear increase in the eastern Florida–Bahamas neighborhood during the

observation window (about +12.4% per year: 95% CI 6.6 to 18.4%). This local rise is con-

sistent with parts of the western Atlantic where recent assessments report strong positive

regional signals, while longer series for the broader South Atlantic and Gulf show overall de-

clines [120]. SPUE indices provide fine spatiotemporal resolution that helps identify where

relative abundance is increasing and where it is not. This additional layer of information can

complement local and regional stock assessments by guiding validation surveys and clarify-

ing heterogeneous trends across neighboring stocks, without assuming uniform population

dynamics at broader spatial scales.

Methodologically, our approach aims to make bias explicit rather than hidden. Treat-
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ing year as either continuous or independent isolates long-term patterns from year-to-year

variability, while including seasonal terms captures cyclic detectability common to both an-

imal activity and observer behavior. Incorporating years with zero observations retains the

information that effort-standardized encounters were rare and ensures that uncertainty is

represented transparently. Where reference time series target habitats not well sampled by

citizen observers, partial disagreement is expected: aligning spatial and seasonal bins to

improve ecological comparability remains the logical next step.

More broadly, the framework presented here serves as a blueprint for integrating hetero-

geneous digital observations into ecological monitoring. Its value lies in consolidating well-

defined occurrence records from sources that have been underutilized in wildlife science and

demonstrating a statistical pathway for transforming them into indicators of relative abun-

dance. The modeling structure we applied is a starting point that can be refined to better

account for the biases and uncertainties already identified in this study. Beyond sharks, this

workflow can be extended to other marine and terrestrial animal groups captured through

citizen and research-driven digital reporting, offering a scalable and transparent foundation

for future biodiversity monitoring.

In practical terms, SPUE is immediately useful for agencies and programs confronting

data gaps. Directional signals can identify emerging increases or declines ahead of formal

surveys, guide where limited field effort can have the greatest value, and provide context

for interpreting CPUE or BRUVs when those indices shift or lack scale. In data-deficient

settings, particularly for threatened species with sparse or inconsistent monitoring, standard-

ized encounter-rate trends offer a scalable tool for detecting emerging population changes

and guiding where traditional surveys are most urgently needed. By flagging potential de-

clines or recoveries in near real time, these indices can help prioritize limited monitoring

resources and trigger management responses before data gaps become critical. The frame-
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work demonstrated here establishes a foundation for integrating digital observation streams

with conventional programs, ensuring that citizen and open-data signals are not isolated but

instead contribute meaningfully to management decision-making. With transparent effort

standardization, explicit uncertainty reporting, and continued validation, these approaches

can establish social media as digital monitoring networks, informing stock assessments, and

strengthening the evidence base for conservation policy.
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Abstract

Elasmobranchs across the Mediterranean Sea have suffered some of the steepest popu-

lation declines of any marine vertebrates, driven by centuries of overfishing, bycatch, and

habitat degradation. Many species are now regionally extinct or persist at densities too

low to be detected by conventional surveys. Among them, the white shark (Carcharodon

carcharias) is the most critically endangered and least observed, leaving its status and distri-

bution unresolved for decades. To overcome these limitations, we implemented an integrative

monitoring framework from 2021–2024 that combined Environmental DNA (eDNA) anal-

yses, oceanographic particle modeling, and citizen science to detect and track white shark

presence across the Mediterranean Sea without the need to directly observe them. A to-

tal of 204 seawater samples were collected from 11 regions spanning the Sicilian Channel,

Tunisian Plateau, and adjacent basins. Species-specific assays detected white shark eDNA

at five sites, confirming population persistence. Particle tracking simulations indicated that

detections corresponded to the animal shedding eDNA within roughly 48 hours prior and

20–25 km of sampling, enabling near-real-time tracking of individual movement. Labora-

tory controls, field blanks, and tissue-derived reference samples ensured stringent quality

assurance and minimized false detections. Broader metabarcoding of 48 samples revealed

12 elasmobranch taxa, including all three Mediterranean Lamnids—white shark, shortfin

mako (Isurus oxyrinchus), and porbeagle (Lamna nasus). Citizen scientists extended spatial

coverage across the Ligurian, Tyrrhenian, and Adriatic Seas, demonstrating the scalability

of this approach. Together, these complementary methods establish a reproducible molec-

ular and citizen-participation blueprint for detecting and monitoring critically endangered

elasmobranchs.
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5.1 Introduction

Sharks are vital ecological regulators that maintain the structure and stability of marine

ecosystems, yet throughout the Mediterranean Sea they face an unprecedented conservation

crisis [112, 118]. Once common across coastal and pelagic habitats, Mediterranean elasmo-

branchs have undergone steep population declines due to centuries of overfishing, bycatch,

habitat degradation, and climate-driven shifts in distribution [112]. Today, approximately

65% of shark and ray species in the region are considered threatened with extinction [45].

This is a dramatic rise from 29% in 1980. Additionally, 27.5% of shark species remain data-

deficient [48]. This highlights the dual challenge of both overexploitation and inadequate

monitoring, as inconsistent and absent reporting hinders robust population assessments [112].

Within this broader context, the white shark (Carcharodon carcharias) stands as the most

extreme example of decline and data deficiency [54]. Listed as Critically Endangered by the

International Union for Conservation of Nature (IUCN) [42], the Mediterranean population

has been reduced by an estimated 52–96% relative to historical levels [54, 111]. Conventional

monitoring with catch records, diver surveys, and electronic tagging is typical for inform-

ing conservation actions and reversing population declines. However, Mediterranean white

sharks are now reduced to the brink of extinction, making their detection and monitoring ex-

tremely difficult with such methods [54]. Innovative approaches capable of detecting sharks

indirectly and guiding field effort toward likely encounter zones are therefore essential.

Environmental DNA (eDNA) analyses have emerged as one of the most transformative

tools in modern biodiversity monitoring. Rooted in molecular forensics, it relies on detecting

trace genetic material—cells, mucus, or metabolic waste—that organisms shed into their

surroundings. By capturing and amplifying this environmental genetic signal, researchers

can infer the presence of species without the need to visually observe, capture, or disturb

them. The approach has revolutionized wildlife surveys across ecosystems [16], from de-
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tecting amphibians in freshwater ponds to tracking cryptic terrestrial mammals and large

marine vertebrates, including sharks, whales, and sea turtles [19]. Its power lies in sensitiv-

ity and scalability: a single liter of seawater can contain genetic traces of numerous species,

providing a snapshot of local biodiversity that traditional surveys would miss.

For the Mediterranean Sea, where many elasmobranchs are critically depleted and rarely

encountered, eDNA represents a crucial advancement [85]. It offers a non-invasive, cost-

effective, and replicable method to reveal species occurrence across broad spatial and tem-

poral scales—precisely where conventional surveys fail. In regions where direct observation is

improbable, such as the deep or pelagic habitats occupied by the last remaining white sharks,

eDNA provides a new avenue to locate recent presence [3], prioritize search areas, and guide

adaptive fieldwork. This study was initially driven to apply these methods exclusively to the

white shark [80], and then subsequent studies aimed to characterize broader elasmobranch

biodiversity. With molecular assays designed with species-specificity and multi-species tar-

gets, detection can extend beyond observation to inform strategic conservation by highlight-

ing the last strongholds of this threatened group of marine animals in the Mediterranean

Sea.

Species-specific assays provide the necessary precision to detect target taxa with high con-

fidence, an especially critical feature when distinguishing between closely related species [36].

In the Mediterranean Sea, this distinction is vital: the critically endangered white shark and

its more common relative, the shortfin mako (Isurus oxyrinchus), share much of the same

habitat and resemble one another, making unverified detections prone to misclassification

[161]. By tailoring molecular markers to the white shark’s unique mitochondrial DNA se-

quence, researchers can reduce False Positive (FP) detections and identify rare species, with

confidence, in a mixed pelagic environment.

A second advancement in eDNA analyses lies in linking field-based detection with labora-
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tory confirmation and coupling molecular data with oceanographic modeling [38]. Because

vessel operations are costly and encounter rates are low, the ability to detect genetic sig-

nals directly at sea offers a strategic advantage. Rapid, qualitative screening of eDNA can

provide near-real-time awareness of species presence, guiding where and when to intensify

sampling or deploy other tools such as cameras or electronic tagging gear [54]. Beyond this,

the development of oceanic particle tracking simulations allows researchers to reconstruct the

likely origin and trajectory of detected genetic material. By modeling how eDNA molecules

drift and degrade in seawater, these hindcast analyses offer a spatiotemporal snapshot of

where individuals were likely roaming prior to detection. Open-source frameworks such as

OpenDrift [38] enable these simulations to incorporate eDNA-specific parameters includ-

ing degradation rate, buoyancy, and current velocity [3, 138] to forecast areas of recent

species presence. When paired with laboratory confirmation, these tools transform eDNA

from a purely retrospective survey method into a dynamic monitoring framework capable of

informing adaptive field strategies and guiding future search effort [4, 46].

Scaling such detection across time and space requires broad participation. Citizen science

networks can play a pivotal role in expanding eDNA monitoring capacity beyond the limited

footprint of research expeditions. By distributing standardized sampling kits to sailors,

divers, and ocean-goers, scientists can significantly increase the chance for detecting rare

and threatened species [110]. Further, established and consistent citizen engagement can

generate long-term biodiversity patterns [67, 149].

Metabarcoding and multiplexing approaches complement these targeted assays by cap-

turing the wider elasmobranch community [163]. Although less precise at the species level,

metabarcoding reveals the ecological context in which critically endangered species persist,

identifying co-occurring taxa and potential hotspots of shared vulnerability [109, 110].

While these approaches collectively expand the frontier of marine molecular monitoring,
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they are not without limitations. The sensitivity that makes eDNA powerful also renders it

susceptible to contamination and sampling error [109]. FP detections may arise from trace

contamination, detection of non-target DNA, or confounding degraded genetic material [161].

Similarly, False Negative (FN) detections can occur when environmental conditions accel-

erate DNA degradation [34] or when local concentrations fall below detection thresholds

[94, 161], which is common when sampling water in pelagic environments. Field protocols

must therefore emphasize rigorous sterilization and replication, including the use of field

blanks, negative controls, and standardized sampling volumes to ensure reliability [36]. Citi-

zen science sampling introduces an additional layer of uncertainty, as inconsistent handling or

storage can compromise sample integrity [110]. Tailored bioinformatic pipelines incorporat-

ing positive controls and quantification of uncertainty are essential for both species-specific

and metabarcoding assays [61, 133].

In this study, we address these limitations by establishing a reproducible framework

for eDNA monitoring in data-poor marine systems. By integrating field and laboratory

approaches, combining species-specific and multi-species assays, and expanding sampling

through coordinated citizen participation, we provide a comprehensive roadmap for detect-

ing and tracking critically endangered elasmobranchs in the Mediterranean Sea. Over four

years (2021–2024), we collected more than 200 environmental samples, including contribu-

tions from trained citizen scientists, across 11 distinct Mediterranean regions. Our workflow

incorporated quality controls such as tissue-derived positive controls, and both field and

laboratory blanks, to validate detections and quantify uncertainty. Preliminary analyses

revealed the presence of 12 elasmobranch species, including all three critically endangered

Lamnid sharks known from the Mediterranean Sea. Together, these efforts demonstrate

eDNA as an evolving supplementary monitoring method for detecting the region’s most

imperiled marine predators.
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5.2 Methods

5.2.1 Field Sampling

Field sampling was conducted between 2021 and 2024 across Mediterranean regions iden-

tified as either historical white shark hotspots or opportunistic sampling areas (Figure 5.7).

Sampling locations were selected using historical sighting records [52, 111, 118], with addi-

tional stations chosen opportunistically to maximize use of ship time and increase geographic

coverage. This dual strategy balanced systematic targeting with adaptive sampling to im-

prove spatial representation across regions where white sharks are rarely observed.

Sampling was performed in transects while research vessels were in transit to stations for

Baited Remote Underwater Video (BRUV) deployments, drone-based searches, and chum-

ming operations. Seawater samples were collected in duplicate (and occasionally triplicate)

from 0–100 m depth using a 5 L Niskin bottle, with 2–5 L of seawater filtered per sample

(Figure 5.1A).

Filtration was carried out using one of three standardized methods: (i) vacuum manifold

(Figure 5.1B) or hand-pump filtration through 0.45 µm Polyvinylidene Fluoride (PVDF) fil-

ter paper, (ii) Syringe filtration through Sterivex filter cartridges [88], or (iii) citizen-science

kits (Figure 5.2d-f) containing a siphon pump and self-preserving filters [157]. Each method

was designed to capture eDNA fragments suspended in seawater while accommodating vary-

ing field conditions and available equipment. After filtration, filters were either preserved

in DNA/RNA Shield (Zymo Research) or RNAlater (Thermo Fisher Scientific) reagent for

laboratory processing, or used immediately for rapid onboard eDNA analysis targeting white

shark detection.

All filtration equipment, Niskin bottles, and work surfaces were sterilized between sam-
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ples using 5% bleach and 70% ethanol. Field blanks (one per sampling day when condi-

tions allowed) were included throughout sampling to monitor contamination. Duplicate and

triplicate samples were taken routinely to evaluate repeatability and detection consistency.

Preserved samples were stored at –20 °C prior to extraction and sequencing at the Virginia

Tech Genomics Sequencing Center (VT-GSC).

Figure 5.1: Workflow of the eDNA detection pipeline. (A) Collection of 2–5 L of seawater
from 0–100 m depth. (B) Filtration of three water samples simultaneously using a vacuum
manifold apparatus. (C) Cell lysis and DNA extraction followed by Polymerase Chain Reac-
tion (PCR) amplification of the white-shark-specific mitochondrial gene. (D) Preparation of
amplified samples for visualization via gel electrophoresis. (E) Validation of electrophoresis
results through sequencing. (F) Particle dispersal hindcasting predicting the origin of eDNA
shedding from the latest positive white shark detection: the green initial particle represents
the detection site, and blue active particles indicate the backward trajectory simulated under
current velocity and water temperature conditions.
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5.2.2 Citizen Science

Kits were distributed to volunteer vessels from 2023-2024. Each kit included a manual

siphon pump, five self-preserving 0.45 µm filter cartridges designed in Thomas et al. [157],

gloves, and a data sheet for recording date, location, depth, and sampler name (Figure 5.2).

Seven kits were deployed in the Ligurian, Tyrrhenian, and Adriatic Seas by five different

participating citizens. More kits are being currently deployed in Croatia and the Aegean

Sea. Used filters were mailed to VT-GSC for analysis under the same molecular pipeline.

Figure 5.2: Citizen science eDNA sampling kit and deployment workflow. Each kit enables
users to filter 2 L of surface seawater using (a) a manual siphon pump with inlet and outlet
tubing, and (b) self-preserving filter units with 0.45 µm pores and latex gloves. Panels (c)
and (d) show the sampling procedure as instructed in the user manual: the filter is firmly
attached to the siphon inlet and lowered just below the sea surface. In (e), a participating
volunteer collects a sample off of northern Sardinia: in (f), another volunteer pumps seawater
through the filter. Following filtration, users are instructed to return the filter and data sheet
to its original package and ship it back to the VT-GSC for laboratory processing in (g).
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5.2.3 DNA Extraction and Amplification

eDNA was extracted from filters either onboard or in the laboratory depending upon

time and logistical constraints. Onboard analyses used the RNAGEM V kit (MicroGEM),

a rapid extraction method that lyses cellular material and produces DNA-ready solutions

within 15 min at 75 °C, yielding approximately 1 mL of extract per sample [128] (Figure

5.1C). This rapid workflow enabled near-real-time genetic screening while the vessel was still

at sea. For a more comprehensive extraction in controlled laboratory conditions, the DNeasy

Blood & Tissue Kit (Qiagen) [121] was employed, which provides higher yields through a

one-hour lysis and purification process suitable for downstream sequencing.

For species-specific detection of the white shark, amplification targeted a 151 bp frag-

ment of the mitochondrial Cytochrome B (CYTB) gene using primers developed by Lafferty

et al. [94] (forward: 5- CGTCACCCCTCCACACATTA -3�: reverse: 5- GGTGCTGC-

TACGTTGTTTGG -3�). These primers were selected for their specificity to white shark

DNA and low cross-detection with the shortfin mako, which shares approximately 89% se-

quence similarity at the CYTB gene [80]. Other white shark mitochondrial regions (e.g.,

COI, ND2) can serve as alternative targets to further minimize false positives or negatives

when assay refinement is necessary. PCR assays were prepared with Platinum SuperFi II

master mix (Invitrogen) in 25 µL reactions containing 0.5 µM of each primer and 2–10 µL of

DNA template. Thermal cycling consisted of an initial denaturation at 94 °C for 3 min fol-

lowed by 40 cycles of 94 °C for 30 s, 52 °C for 30 s, and 72 °C for 30 s, with a final extension at

72 °C for 1 min. Amplicons were visualized on a miniPCR GELATO electrophoresis system

onboard (Figure 5.1D-E) and re-validated at the VT-GSC using an Agilent TapeStation.

For broader elasmobranch biodiversity assessment, we applied a metabarcoding approach

using the MiFish-E primer set [46, 109]. This universal 12S rRNA primer pair (forward:
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5- GTCGGTAAAACTCGTGCCAGC -3:

reverse: 5- CATAGTGGGGTATCTAATCCCAGTTTG -3) amplifies an approximately 182 bp

fragment conserved across marine fishes and is capable of detecting more than 230 subtrop-

ical and temperate species, including the majority of shark and ray taxa. Metabarcoding

PCR reactions followed the same master mix composition as above, with an annealing tem-

perature of 60 °C and 35 cycles. These reactions were performed exclusively in the laboratory

to ensure contamination control and optimal amplification of low-concentration templates.

All PCR runs included positive controls (white shark and shortfin mako muscle tissue,

and aquarium-derived eDNA), negative template controls, and extraction blanks to identify

contamination or amplification errors. Amplification success was confirmed via gel elec-

trophoresis prior to sequencing. No contamination was detected in negative controls across

field or laboratory workflows.

5.2.4 Particle Tracking Simulation

To identify the approximate location of white shark individuals, detected eDNA coor-

dinates were used as seed points for a Lagrangian hindcast simulation using OpenDrift

[38] (Figure 5.1F). We modeled particle trajectories with 3-hourly current data from the

Copernicus Marine Service (MEDSEA Analysis Forecast [32]) and added wind and current

uncertainty terms (0.1 and 0.2—magnitudes around the mean). One thousand particles

were released per detection and tracked backwards through 128 hours in 15-minute steps,

encompassing the maximum expected lifespan of detectable eDNA in seawater [34]. Particle

endpoints were used to infer probable eDNA origin areas.
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5.2.5 White Shark Assay

Extracted DNA from onboard and laboratory workflows was first quantified using a Qubit

Fluorometer v3 (Thermo Fisher Scientific) with a high-sensitivity double-stranded DNA

assay to determine total DNA concentration per sample. This quantification step enabled

quality control prior to amplification and sequencing and provided an estimate of overall

eDNA yield from each filter.

White shark detections were confirmed through Sanger sequencing of amplified CYTB

fragments, followed by filtering amplicon variants using the dada2 pipeline [25]. Represen-

tative amplicons were then compared to reference mitochondrial genomes using BLASTn

searches against the NCBI nucleotide database [115] to verify taxonomic identity. Sequence

alignments were considered positive when match identity exceeded 95% similarity to the

white shark reference sequence.

To evaluate potential FP detections resulting from cross-amplification with shortfin mako,

we performed a multiple-sequence alignment including reference mitochondrial genomes of

both species, a white shark tissue sample, and four positive eDNA samples (Figure 5.3). Sin-

gle Nucleotide Polymorphisms (SNPs) were recorded to differentiate true white shark signals

from mako sequences. Seventeen diagnostic SNPs were identified across the target CYTB

fragment, providing consistent separation between species and validating the specificity of

the assay [80].
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Figure 5.3: Sequence alignment of the white shark (Carcharodon carcharias) 151 bp fragment
of the mitochondrial CYTB gene. Colored bases indicate either consensus alignment or
mismatches relative to the shortfin mako (Isurus oxyrinchus) and eDNA sample sequences.
Sample labels denote the number of SNPs relative to each species (# SNPs to white shark,
# SNPs to shortfin mako). Alignment visualizations were generated using the software
Unipro UGENE [156].

5.2.6 Metabarcoding

To assess elasmobranch diversity, a subset of 59 environmental samples was selected for

metabarcoding analysis. This subset included nine citizen science samples collected from

the Adriatic Sea, Sicilian Channel, Tyrrhenian Sea, and Menorca, as well as samples from

the 2023 Tunisia to Malta transect containing a confirmed white shark detection used as

a positive eDNA control. In addition to environmental samples, the library included three

field blanks, one PCR blank, and tissue-derived positive controls from white shark, shortfin

mako, porbeagle, and blue shark (Prionace glauca). Three aquarium samples with known

elasmobranch compositions were also processed to evaluate the taxonomic sensitivity and

specificity of the MiFish-E assay by verifying if expected species were detected and whether

any non-target amplifications occurred. Observed shark and ray species in aquarium touch

tanks included white spotted bamboo shark (Chiloscyllium plagiosum), black spotted bam-

boo shark (Chiloscyllium punctatum), chain dogfish (Scyliorhinus retifer), dusky smooth-

hound (Mustelus canis), epaulette shark (Hemiscyllium ocellatum), yellow stingray (Uro-

batis jamaicensis), bluespotted ribbontail ray (Taeniura lymma), zebra shark (Stegostoma
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tigrinum), and Atlantic stingray (Hypanus sabinus).

Metabarcoding employed the MiFish-E universal primer set targeting a 182 bp fragment

of the mitochondrial 12S rRNA gene [109]. Amplification was conducted following a two-step

PCR protocol to incorporate dual indexing for sample multiplexing. Libraries were prepared

using Nextera XT v2 Set A indices and sequenced on an Illumina MiSeq Micro V2 300-cycle

flow cell (2 × 150 bp) at the VT-GSC, generating approximately 4 million paired-end reads

per lane [46]. Library preparation followed the Illumina GenerateFASTQ workflow. Each

library batch incorporated 10% PhiX control to balance base diversity.

5.2.7 Taxonomic Assignment

Bioinformatic processing of metabarcoded sequences followed a standardized workflow

implemented in R using the dada2 [25] and DECIPHER [173] packages. Raw paired-end reads

were quality-filtered and trimmed to infer amplicon sequence variants (ASVs) with dada2,

removing low-quality sequences. High-confidence ASVs were compared against a curated

elasmobranch mitochondrial reference database derived from 12S rRNA gene sequences using

blastn [115]. Taxonomic assignments were accepted when sequence identity exceeded 90%

and alignment coverage surpassed 80% of the target seauence [161]. Relative abundance was

calculated per sample, and ASVs representing less than 1% of total reads were excluded to

minimize noise from sequencing cross-contamination [161]. This workflow enabled robust

identification of elasmobranch taxa from eDNA while controlling for FP detections through

the use of filtering thresholds and the use of reference genes specific to sharks and rays.
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5.3 Results

5.3.1 White Shark Assay

Collecting Samples. Between 2021 and 2024, a total of 204 eDNA samples were collected

across the Sicilian Channel, Gulf of Gabès, Malta Plateau, Tyrrhenian and Ligurian Seas,

Adriatic Sea, Ionian Sea, and Menorca (Figure 5.7). Sampling depths ranged from the surface

to 100 m, with an average depth of 21.6 ± 20.5 m and an average filtered volume of 2 ± 1

liters.

Detecting White Sharks. White shark DNA was detected in four samples from three

stations during the 2021 expedition, corresponding to sites near the Egadi Islands, Pantelleria

Banks, and Lampedusa. An additional detection occurred near Lampedusa in 2023, first

confirmed with TapeStation (Figure 5.4). These detections were verified through Sanger

sequencing and BLASTn comparison [115] against reference mitochondrial genomes in the

NCBI database, each showing greater than 95% identity to the white shark CYTB sequence.

Particle Simulation. Hindcast particle simulations from 2023 fieldwork (see Figure 5.5,

54, 80) identified probable eDNA source regions within 48–128 h prior to detection. This

modeling effort led to the visual observation of an adult female shortfin mako near Lampe-

dusa in 2023 (see Figure 5.6), emphasizing both the potential of eDNA-informed field strate-

gies and the necessity of improving assay specificity to white sharks.

Assay Sensitivity. To address possible cross-amplification between the two lamnid species,

multiple-sequence alignment of reference genomes, tissue-derived samples, and four positive

eDNA detections differed by an average of only 4± 2.7 nucleotide positions from the white
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Figure 5.4: Electrophoresis results confirming eDNA amplification of the white shark (Car-
charodon carcharias). Samples are labeled by station: PB – Pantelleria Banks, EI – Egadi
Islands, and Lmp – Lampedusa. California white shark tissue served as the positive con-
trol, distilled water as the negative control during PCR, and Mediterranean shortfin mako
(Isurus oxyrinchus) tissue as an FP indicator. Two white shark detections from the same
Lampedusa station in 2021 were pooled for electrophoresis and sequencing.
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shark reference genome, compared to 19±2.7 differences from the shortfin mako (Figure 5.3).

This indicated that the eDNA sequences were approximately 79% more likely to represent

white shark detections than mako.

Figure 5.5: Predicted relative abundance and particle dispersal of white shark (Carcharodon
carcharias) eDNA in the Sicilian Channel. (a) Modelled relative abundance of white sharks
during May–June. (b–d) Lagrangian particle tracking hindcasts showing predicted locations
of white shark eDNA molecules prior to detection. In hindcasted hours, purple represents the
most recent predicted locations (1 hour prior to detection), while yellow indicates positions
128 h prior. Red markers denote sampling stations where white shark eDNA was detected.

5.3.2 Elasmobranch Detections

Biodiversity. Preliminary metabarcoding of 48 eDNA samples detected 12 elasmobranch

species with >95% match identity and >1% relative abundance of ASVs (Table 5.1). At

least one species was detected in 37 samples. Species richness per sample ranged from 1
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Figure 5.6: Hindcasted eDNA particle dispersal 48 hours from the time of detection and
coordinates of the white shark detection in 2023, south of Lampedusa. The green point
represents the seeded particles at the detection coordinate, and the blue points represent the
backward-dispersed particle simulation.
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to 9 taxa, with a mean richness of 2.2 shark species per sample. These results, though

preliminary, demonstrate the sensitivity of metabarcoding for capturing multi-species signals

from seawater samples.

Species Common name Basins detected Relative abundance (%)

Isurus oxyrinchus Shortfin mako Adriatic Sea, Ligurian Sea, Sicilian Channel 54.05

Carcharodon carcharias White shark Adriatic Sea, Sicilian Channel 35.14

Lamna nasus Porbeagle shark Adriatic Sea, Tunisian Plateau 13.51

Carcharhinus brachyurus Copper shark Adriatic Sea 10.81

Prionace glauca Blue shark Adriatic Sea 10.81

Carcharhinus falciformis Silky shark Adriatic Sea 8.11

Carcharhinus obscurus Dusky shark Adriatic Sea 8.11

Carcharhinus plumbeus Sandbar shark Adriatic Sea 8.11

Carcharhinus albimarginatus Silvertip shark Adriatic Sea 8.11

Taeniura lymma Bluespotted ribbontail ray Adriatic Sea 8.11

Rhinobatos cemiculus Blackchin guitarfish Ligurian Sea 2.70

Chiloscyllium plagiosum Whitespotted bamboo shark Adriatic Sea 2.70

Table 5.1: Summary of 12 elasmobranch species detected across Mediterranean basins from
37 eDNA samples (2021–2024). The table lists each species, corresponding common name,
the number of detections, the basins where they were found, and their relative abundance
among total samples.

Important Detections. Across all samples, the most frequently detected species were the

shortfin mako (Isurus oxyrinchus: 20 samples), white shark (Carcharodon carcharias: 13 sam-

ples), and porbeagle (Lamna nasus: 5 samples) (Table 5.1 and Figure 5.7). Blue shark

(Prionace glauca) and copper shark (Carcharhinus brachyurus) were detected in 4 samples.

All three Lamnid species were detected in the Ligurian Sea, Sicilian Channel (including the

Tunisian Plateau), and Adriatic Sea, indicating broad regional overlap of critically endan-

gered pelagic shark assemblages despite historical population collapses.

Continued validation and expansion of the reference database will improve discrimina-

tion among closely related taxa and reduce uncertainty. Nevertheless, these early findings
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underscore the promise of molecular community assays for reconstructing elasmobranch bio-

diversity in the Mediterranean Sea and identifying remaining hotspots of Lamnid occurrence.

Figure 5.7: Spatial distribution of all eDNA sampling stations across the Mediterranean Sea
from 2021–2024. Colored markers denote sample-specific species detections, with the inset
pie chart summarizing the detection of the three Lamnid shark species: white shark (Car-
charodon carcharias, red), shortfin mako (Isurus oxyrinchus, blue), and porbeagle (Lamna
nasus, green).

5.4 Discussion

Our integrated eDNA frameworks revealed the presence of critically endangered apex

predators in one of the world’s most data-poor seas. Species-specific and multi-species as-

says combined with field and laboratory workflows, and particle tracking models allowed

us to detect and track white sharks, while characterizing biodiversity and relative detec-

tion abundance across multiple years and Mediterranean regions [94, 96, 161]. These results
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confirm earlier reports of remnant Mediterranean populations of white sharks [63, 96, 111]

and show that molecular tools can supplement conventional observation in regions where

encountering these animals is rare [111, 118]. We show elasmobranch biodiversity, particu-

larly large sharks, persisting across the Sicilian Channel and Tunisian Plateau, Tyrrhenian

and Ligurian Sea, and Adriatic Sea despite long-term declines. Together, these outcomes

strengthen occurrence baselines for threatened elasmobranchs and inform spatial prioritiza-

tion for conservation.

A major contribution of this work is demonstrating how targeted eDNA assays serve roles

complementary to conservation needs. White shark markers provided confident genetic de-

tections and mitigated the risk of misclassification with the genetically similar species shortfin

mako. These results provided transparent spatiotemporal distributions of presence for the

critically endangered species, guiding future efforts to observe them [54]. In parallel, biodi-

versity assays captured broader elasmobranch assemblages, highlighting hotspots congruent

with historical observations [18, 42, 44, 50, 58, 134, 135, 147, 165]. However these results

should be interpreted cautiously, as further bioinformatic refinement is required to incor-

porate negative controls, field blanks, and aquarium reference samples for standardization.

Species that are not native to the Mediterranean are likely misidentifications (see Table 5.1)

such as the bluespotted ribbontail ray (Taeniura lymma) and whitespotted bamboo shark

(Chiloscyllium plagiosum) both primarily found in the Indo-West Pacific [93, 137].

These assays addressed both the immediacy of locating white sharks and the longer-

term need to monitor shifting community structure under climate and fishing pressures [42].

The widespread detections and high relative abundance of critically endangered Lamnids,

while preliminary, provide rare insight into a population that may be showing early signs

of recovery, in contrast to smaller demersal sharks that were strikingly absent from results,

possibly due to the lack of reference libraries describing them.
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Furthermore, citizen sampling offered scalability, provided participators were adequately

instructed to handle contamination-prone samples. Our sampling network detected two crit-

ically endangered species: the shortfin mako, and notably the blackchin guitarfish (Rhino-

batos cemiculus) in a region of historical abundance but recent decline. The Mediterranean

International Trawl Surveys (MEDITS) reported that the species has largely disappeared

from the northern Mediterranean [92], underscoring the potential of citizen-collected eDNA

samples to reveal species otherwise missed by conventional surveys.

The integration of molecular detection with particle tracking models creates a dynamic

decision-support tool for research expeditions. Rapid onboard screening enabled near-real-

time awareness (about 4.5 hours) of species presence, while hindcasts identified likely origin

areas of detected eDNA. This approach, following methods in Andruszkiewicz et al. [4] and

Dagestad et al. [38], contextualizes detections within physical oceanography, improving in-

ference about animal movement and enhancing efficiency of follow-up surveys. The 2023

detection and subsequent sighting of a shortfin mako near Lampedusa underscore both the

promise and the challenge of assay specificity, highlighting the need for continued refine-

ment of molecular markers for rare species in mixed pelagic systems. Strengthening assay

performance will require targeted collection of region-specific tissue samples from priority

taxa such as the white shark and shortfin mako to build a more representative regional ref-

erence library [58, 96]. Sequencing and bioinformatically comparing these genomes across

mitochondrial and nuclear loci will enable the design of primers optimized for local haplo-

types, minimizing the risk of cross-amplification and false detections [94, 161]. Refining a

species-specific workflow to additionally become region-specific is the next step to improve

diagnostic accuracy and ensure that detections reflect true presence rather than genetic

similarity within sympatric Lamnid populations.

Despite these advancements, limitations remain inherent to marine eDNA. Its high sensi-



120
CHAPTER 5. DETECTING MEDITERRANEAN WHITE SHARKS AND BROADER ELASMOBRANCH

BIODIVERSITY WITH ENVIRONMENTAL DNA

tivity increases the risk of contamination-related FP detections, while environmental degra-

dation may result in missing detections [34]. We mitigated these risks through field blanks,

tissue and aquarium controls, and conservative sequence identity thresholds, yet the full

incorporation of negative controls and more region-specific genetic materials remains a fu-

ture priority. Primer bias and incomplete reference databases can distort representation

of taxa, issues acknowledged in global metabarcoding efforts [109]. White shark detections

identified by the species-specific assay were independently confirmed in the multi-species

metabarcoding assay, reinforcing the reliability of both methods.

To overcome current limitations in eDNA resolution and the broader genetic characteri-

zation of Mediterranean elasmobranchs, we are systematically monitoring fisheries landings

across Tunisian ports and have collected an unprecedented repository of verified tissue sam-

ples. This regional genetic archive provides the foundation for developing more sensitive

species assays and enabling population-level analyses. From these data, forthcoming studies

will estimate effective population size, genetic diversity, and long-term connectivity. These

are key parameters for understanding demographic resilience and validating the results pre-

sented here.

Future efforts should aim to quantitatively validate how well these assays detect target

species by predicting detection likelihood and comparing results directly with traditional

monitoring methods such as BRUVs and fisheries catch and tagging records (e.g., MED-

ITS and Shea et al. [135]). These findings support the emerging hypothesis that eDNA

assays can reliably detect rare and elusive shark species in the Mediterranean, and that their

detection probabilities are expected to scale predictably with indicators from conventional

survey approaches. Testing this relationship will be essential for integrating molecular and

observational datasets into unified monitoring frameworks that can better estimate species

occurrence and abundance.
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Verified white shark detections and initial multi-species co-occurrence results across major

regional basins highlight remnant hotspots and migratory corridors that warrant heightened

protection. These molecular baselines can refine species distribution models, support IUCN

assessments, and inform management across Mediterranean nations. The methodological

blueprints established here-integrating field and laboratory protocols, taxa-specific assays,

ocean modeling, and citizen engagement—provides a reproducible framework for eDNA-

based monitoring in other data-poor marine systems. As reference libraries and analytical

precision increases, eDNA approaches will increasingly transition from exploratory research

to operational monitoring that guides the conservation of global shark populations.



Chapter 6

Conclusions

6.1 Main Conclusions

In summary, my thesis set out to (i) develop and validate deep learning models for auto-

matically detecting and classifying visual media of sharks to the species level, (ii) aggregate,

clean, and predict shark observations from major social networks and online platforms to

estimate relative abundance and assess temporal trends across case-study regions, and (iii)

apply species- and community-level Environmental DNA (eDNA) assays in parallel with

oceanographic modeling and citizen science sampling, for mapping the occurrence of threat-

ened Mediterranean shark populations. In this chapter, I summarize the main conclusions

of these three objectives, and highlight the practical conservation and management implica-

tions of my findings, then recommend immediate and long-term pathways for building on

the scientific potential of this dissertation.

The findings presented in Chapter 2 demonstrate the best performing (to date) auto-

matic detection and classification tool for filtering for visual media of sharks. The Shark

Detector (SD) effectively filtered and classified heterogeneous media from Instagram (IG),

Baited Remote Underwater Video Systems (BRUVs), and online videos, and outperformed

iNaturalist (iNat)’s wildlife classification Artificial Intelligence (AI) Seek on a sample of 400

random shark images (73% vs. 62% respectively). SD versions 1–5 build upon the frameworks

presented in Chapters 2–4, incorporating new training data and iterative improvements in

122
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performance, speed, and model architecture. The SD achieved strong end-to-end perfor-

mance (detection 89%, binary shark vs. non-shark filtering 91%, species classification 80%).

Predicting accuracy vs. training data quantity informed crucial data thresholds at the genus

and species taxonomic ranks. These findings highlighted impacts to the performance such as

the diversity of taxonomic classes and confusion at the order → family → genus → species

levels, morphological distinction, and image data quality and quantity. These findings con-

tinue to guide how to optimize training data balance for iterative SD versions. Data-poor

and morphologically similar taxa confused the model, underscoring the value of continued

taxa balancing and morphological diversity.

In Chapter 3, I increased the speed and performance of the SD and expanded its acces-

sibility for practical field-based operations to post-process 14 hours of BRUV footage from

biodiversity surveys in Hawaii and Palau. With SharkByte, I developed a Graphical User

Interface (GUI) tool and detected and classified >45 sharks and 7 species with 94% accu-

racy, speeding up video annotation by up to 95%– generating species richness and abundance

indices. The R package sharkDetectoR and companion Application Programming Interface

(API) successfully classified over 46k sharkPulse images of 80 species in 16 minutes with

92% species-specific accuracy. These findings bridged the gap between large-scale image

and video data processing and varying levels of user computational expertise.

Chapter 4 applied stepwise workflows of data science, AI, and statistical inference to

source, filter, and sanitize observations of sharks from four social network (SN) platforms and

online archives, and subsequently predict temporal trends of relative abundance. I crowd-

sourced 5.4 million raw posts and 700k unique shark observations from IG, Flickr, iNat, and

the Global Biodiversity Information Facility (GBIF). From Flickr and iNat, I additionally

crowdsourced proxies of user observation effort to standardize sightings. By assuming a neg-

ative binomial distribution of observations within a generalized linear modeling framework, I
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fit relative abundance trends for 17 shark species, both large pelagic species and coastal reef-

associated species, in the Bahamas and Hawaii regions. I chose these regions because they

had historical assessments to validate SN trends with independent surveys of relative abun-

dance including BRUVs, and scientific fishing and scuba diving operations. I found that iNat

trends significantly aligned with previous assessments in both regions, while Flickr trends

reflected stronger uncertainties. Incorporating AI-generated observations without human

verification contributed to these uncertainties, as well as stronger evidence of observation

bias towards large, charismatic species. Overall, I showed that SN trends provide a practi-

cal, low-cost complement to traditional monitoring with global application. This approach

enables early detection of declines or recoveries and creates scalable, data-driven frameworks

for integrating citizen observations into formal management and policy decisions.

Chapter 5 detects the eDNA of white sharks that have become exceptionally rare in the

Mediterranean Sea due to overfishing, habitat degradation, and increasingly warming seas.

In 4.5 hours from collecting seawater, I detected white shark eDNA at four sampling sta-

tions throughout the Sicilian channel, in 2021 and 2023, while onboard expedition vessels.

The detections were later confirmed in the laboratory with Sanger sequencing, matching

sequences with reference databases through blatn commands, and multiple-sequence align-

ment. Tracking particles with oceanographic simulations revealed eDNA shedding within

12 nautical miles of where the animal was detected, indicating directional and temporal

presence of the animal. In 2023, particle tracking results guided the targeted deployment

of BRUVs near the eDNA detection site, which directly led to the visual confirmation of

an adult female shortfin mako. The white shark assay showed a 21% False Positive (FP)

rate—about one in five detections could be misidentified—but all detections so far were

confirmed true, underscoring the importance of the laboratory sensitivity workflows demon-

strated here. From 2023–2024, I expanded this study with a new sampling transect across
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the Adriatic Sea and launched a citizen science initiative for engaging Mediterranean sailors

with easy-to-use sampling kits. This effort broadened geographic coverage of eDNA moni-

toring. Subsequently, through an opportunistic elasmobranch-specific metabarcoding study,

I characterized biodiversity of new and previous samples, detecting 12 species in the Adriadic

and Ionian Seas, and the Northwestern basins of the Mediterranean Sea. From the findings,

the three most frequently detected species are the region’s most threatened Lamnids. All

samples yielding white shark detections with the targeted assay were likewise positive with

the metabarcoding assay, demonstrating the latter’s sensitivity.

6.2 Implications to Management and Education

The collective findings of this dissertation highlight the potential of emerging digital and

molecular technologies for advancing shark conservation and management. Automated im-

age classification, big data analytics, and molecular detection address a persistent barrier

in conventional monitoring: the lack of standardized, recent, and species-specific informa-

tion at meaningful ecological scales. Together, these tools demonstrate how to bridge that

information gap and deliver reproducible data streams. This section highlights the key man-

agement implications of my findings, as well as education and outreach achievements, and

explains how these standardized and validated approaches can be embedded within current

frameworks for shark monitoring and population assessment.

The Chapters 2–3, and published work Jenrette et al. [78], Varini et al. [164], and Jen-

rette et al. [75] shows how deep learning frameworks can localize and construct ecologically

relevant occurrence records from massive, heterogeneous, and noisy visual datasets that had

never before been applied to shark monitoring at this scale. The resulting capacity and

cost-efficiency to automatically detect, classify, and quantify sharks from visual media has
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immediate management value especially when resources are limited. Accessibility of these de-

tection and classification functions through the SharkByte GUI and sharkDetectoR package

empowers a broader range of users—including field researchers, non-governmental organiza-

tions, and citizen scientists—to generate standardized occurrence records from systematic

(e.g., BRUVs) and opportunistic (e.g., social networks, online archives, user submissions)

surveys.

The methods outlined in Chapter 4, Ferretti et al. [52], and Jenrette et al. [76] collect

and model opportunistic encounters generated by a broad demographic of ocean users, pro-

ducing spatially and temporally rich data. This diversity of users enables the detection of

ecological change in regions and time periods where professional monitoring is logistically or

financially challenged. These records and modeled trends can be directly incorporated into

national and regional assessment organizations such as the International Union for Conser-

vation of Nature (IUCN) and National Oceanic and Atmospheric Administration (NOAA),

complementing fishery-dependent reporting systems and strengthening the empirical basis

for Red List assessments and stock evaluations. The generation of standardized Sightings

per Unit Effort (SPUE) indices for 17 species in both managed regions (the Bahamas) and

more vulnerable areas (Hawaii) provide empirical baselines for evaluating the effectiveness

of existing protective measures such as Marine Protected Area (MPA)s, shark sanctuaries,

and gear restrictions. They also enable managers to interpret population trends within the

context of human presence and pressure—where increased digital sightings may reflect both

rising observation effort from urbanized coasts and heightened exploitation risks of increased

fishing and ocean use pressure—highlighting the need for management actions that distin-

guish ecological recovery from intensified human activity.

In Chapter 5, Jenrette et al. [80], and Ferretti et al. [54], molecular forensics provided

crucial detections of critically endangered Mediterranean shark populations, validating the
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power of eDNA to reveal species presence in regions where visual encounters are extremely

rare. The integration of oceanographic particle tracking, laboratory verification, and targeted

BRUV deployments establishes a practical workflow for adaptive sampling and validation.

This framework could be adopted by regional fisheries bodies and environmental agencies

to prioritize sampling zones, evaluate the effectiveness of MPAs, and verify the persistence

of threatened populations through continuous, non-invasive surveys. The citizen science

extension of the eDNA program further demonstrates how participatory monitoring can

expand geographic coverage, engage stakeholders, and promote public stewardship of marine

resources.

Effective conservation requires not only scientific innovation but also active communica-

tion, collaboration, and public engagement to translate research into management action.

To this end, I have prioritized outreach and education throughout this dissertation to max-

imize the accessibility and real-world impact of the technologies developed herein. During

ongoing field operations in Hawaii, I presented the value and implementation of the SD in

a webinar hosted by the Ocean Exploration Trust and National Geographic [79], demon-

strating to managers, researchers, and the public how AI can be directly integrated into

shark biodiversity assessments. Through a series of sharkPulse hackathon events [77, 90],

I advanced the platform toward a synergistic crowdsourcing and citizen science verification

system—an essential step for enhancing data resolution and public engagement in conser-

vation outcomes. In partnership with Oxford and Imperial College London, I expanded

automatic shark object-detection programs [164] that have many applications including elec-

tronic monitoring systems used by commercial fisheries, offering a scalable means of bycatch

verification.

To broaden the dissemination of molecular approaches, I conducted interviews with Forbes

[102] and the SeaKeeper’s Society and Virginia Tech Genomics Sequencing Center (VT-GSC)
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[143] to communicate the conservation status of Mediterranean sharks and the unique role

of eDNA in detecting populations that elude conventional monitoring. In collaboration with

the SeaKeeper’s Society, I helped establish a citizen network of sailing vessels that now

contributes eDNA samples across the Mediterranean Sea—an initiative that simultaneously

expands scientific coverage and strengthens stakeholder participation in regional conserva-

tion. Collectively, I trust these efforts as models for applied conservation science, where the

dissemination of tools, data, and knowledge empowers both management institutions and

the public to contribute directly to transparent, data-driven decision-making.

6.3 Future Research

The future of non-invasive, cost-efficient wildlife monitoring lies in the continued devel-

opment and integration of digital and molecular data-handling mechanisms (Appendix A).

The research presented in this dissertation establishes a foundation for such systems, but

several key directions should now be prioritized to extend their scientific, operational, and

management impact. These efforts will further bridge the gap between innovation and ap-

plication, transforming automated and molecular observations into actionable conservation

tools.

1. Building human–machine validation networks: The SD and its associated plat-

forms demonstrate that data quantity is no longer the limiting factor in digital mon-

itoring, data quality is. While millions of shark images are now available, the next

challenge is developing streamlined verification systems that balance automation with

human oversight. Future research should focus on integrating sharkPulse with a net-

work of trained citizen scientists who can validate taxonomy, location, and temporal

metadata through incentive-based interfaces such as in Horn et al. [69], Sullivan et al.
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[149]. We have initiated this system on the sharkPulse platform in Jenrette et al. [77]

and Kothari et al. [90], but more backend programmatic work needs to be done to gain

a consistent citizen audience. In parallel, the SD continues to evolve as both a filter-

ing and species-classification framework, and other machine-learning models should be

trained to flag duplicates, reposts, and range anomalies, creating a feedback loop in

which validated human inputs continuously improve automatic outputs. Establishing

this iterative verification architecture will replace tedious manual review with near-

perfect automatic annotations [69] and produce a globally scalable, quality-assured

database for management use.

2. Adapting automated detection for fisheries monitoring: Novel shark detection

software can immediately address one of the most persistent obstacles in shark conser-

vation, the lack of high quality catch data described to the species level [15, 44]. Future

work should integrate automated object detection into electronic monitoring systems

aboard commercial and artisanal fishing vessels. A trained model capable of reliably

identifying and classifying shark bycatch events would provide real-time species in-

dices [162] that can be deployed globally to reduce observer burden, improve logbook

accuracy, and generate standardized catch data for stock assessments [23, 130]. The

SharkByte platform offers a promising foundation for such integration: its next phase

should involve field testing under live fishing conditions to evaluate precision, process-

ing speed, and usability within existing electronic monitoring frameworks operated by

NOAA and partner management agencies.

3. Scaling digital observation data for global population assessments: Social

networks and online archives will continue to grow as dominant sources of wildlife ob-

servations, providing unprecedented coverage across time and geography [159]. Future

research should expand programmatic efforts to stabilize, standardize, and central-



130 CHAPTER 6. CONCLUSIONS

ize these datasets into near–real-time monitoring systems. The goal is to democra-

tize ecological data collection by transforming opportunistic human encounters into

structured, quantitative indicators of population health. Data science and statistical

approaches should be refined to build platform-specific models that account for bias,

validate population trends against conventional surveys, and transfer standardized out-

puts directly to management and conservation bodies such as NOAA and the IUCN, or

international conservation frameworks such as the Convention on Migratory Species.

Semi-automatically identifying and tracking digital footprints for revealing relative

abundance and distribution patterns reflects human presence, exploitation intensity,

and conservation success with a new perspective.

4. Expanding molecular forensics and international collaboration: Accurately

identifying molecular footprints of marine fauna represents a revolutionary advance in

non-invasive monitoring, and continued research in this area is critical. Future direc-

tions should include expanding eDNA sampling across the Mediterranean and adjacent

basins, developing more sensitive species- and population-level assays, and strengthen-

ing bioinformatic pipelines for detection validation. Building a comprehensive genetic

reference database for Mediterranean elasmobranchs will substantially improve molecu-

lar diagnostics [110]. This should be pursued through collaborative sequencing of tissue

samples collected from port-monitoring activities across the Mediterranean. Current

efforts in Tunisia set an example of establishing consistent monitoring and biological

sampling operations in low-capacity regions common throughout the Mediterranean

regions. Importantly, such research must be implemented through equitable interna-

tional partnerships that empower local scientists and institutions to lead conservation

genomics within their jurisdictions. Collaborative molecular research in countries fac-

ing strong fishing pressures will not only improve biodiversity monitoring but also build
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capacity in regions most critical to shark conservation.
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Appendix A

Software and Repositories

This appendix provides a list of all public repositories, web resources, and software de-

veloped or co-developed during this dissertation. These resources are openly available to

facilitate continued development, reproducibility, and collaboration. As allowed by publica-

tion or requested collaboration, more repositories may become available. Researchers and

developers are encouraged to explore, extend, or integrate these tools to advance the next

generation of digital and molecular wildlife monitoring.

• The Shark Detector (SD) — github.com/sharkPulse/sharkDetectoR

R package and framework for automated shark detection, filtering, and species-level

classification in visual media.

• SD API and Developer’s Repository — github.com/sharkPulse/sharkdetector-dev

Flask-based API and developer environment supporting the Shark Detector’s back-end

operations and model deployment.

• SharkByte Application — github.com/sharkPulse/sdapp

Cross-platform desktop and mobile graphical interface for running Shark Detector

models locally and viewing annotated results.

• SharkByte Instructions and Documentation — sp2.cs.vt.edu/applications/sharkbyte

Online guide for installing, running, and troubleshooting the SharkByte application,

including example workflows.
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• Social Network Modeling Repository — github.com/sharkPulse/sp-sn

R and Python scripts for sourcing, cleaning, and modeling shark observations from

social networks and online archives.

• Particle Tracking with OpenDrift — github.com/JeremyFJ/particle-abundance

Python-based workflow for oceanographic particle modeling and visualization used to

simulate Environmental DNA (eDNA) transport and degradation dynamics.

• Other Public SharkPulse Repositories — github.com/sharkPulse

Central hub for additional open-source tools, data pipelines, and utilities developed

under the SharkPulse initiative.

Together, these resources provide an open and extensible foundation for continuing the

monitoring initiatives established in this dissertation. They are designed for transparency,

collaboration, and practical implementation in future research and management applications.

https://github.com/sharkPulse/sp-sn/
https://github.com/JeremyFJ/particle-abundance
https://github.com/sharkPulse/


Appendix B

Instagram dataset

From August to December 2021, we assembled an Instagram (IG) dataset by scraping the

most recent posts from 14 shark-related hashtags (e.g., #sandtigershark). The raw posts

were first filtered with the Shark Identifier (SI) to distinguish shark from non-shark content,

after which the Shark Classifier (SC) was applied to classify images to the species level.

In the initial implementation of the Shark Detector (SD)v1, the SI achieved 91% accu-

racy for binary classification of shark versus non-shark posts (Figure B.1), while the SC

reached 69% top recall and 76% top-3 recall for species-level predictions (Figure B.2). With

the expanded dataset and hierarchical framework in SDv5, the SI maintained comparable

performance (91%), but the SC improved substantially, achieving 80% top recall and 90%

top-3 recall across 19 species, resulting in 3,036 unique classified observations. These results

highlight the improvement in species-level performance between versions and demonstrate

the feasibility of using social media data as a source of high-resolution occurrence records.
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Figure B.1: Results of classifying 14 IG hashtags using the SI. The gray bars indicate the total
amount of retrieved images, while the blue bars represent shark images. The SI classification
performance is indicated as colored dots on the right.

Figure B.2: Results of classifying 19 shark species with the SC. Colored bars represent the
total amount of shark images (blue), the amount of images correctly classified with three
guesses (orange), and the amount of images classified with one guess (maroon).



Appendix C

Citizen Science and Model

Augmentation

This appendix outlines how citizen scientists and SharkByte users can contribute anno-

tated shark images to sharkPulse, thereby strengthening the training datasets and improving

future versions of the Shark Detector. This workflow not only improves the classification

performance of the SD, strengthening sharkPulse, but also ensures more accurate, boosted

versions of the publicly available sharkDetectoR and SharkByte software for future itera-

tions. We provide an instructive workflow that highlights shark species most likely to occur

within a given region, guiding users toward relevant video material. These videos can then

be processed with SharkByte and submitted to sharkPulse, boosting training datasets and

improving classification performance for regionally important species. To demonstrate this

workflow and its results, we tested it on the Main Hawaiian Island (MHI) and Palau sur-

veys, with the objective of boosting species-level classification for all sharks observed in both

regions (Figure C.1).

C.1 Identifying Regional Species

First, we supplied geographic bounding boxes to the find_species function of the

sharkDetectoR package for both survey regions and generated a list of shark species.
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For supplying precise bounding box coordinates, we chose to calculate an approximate

80-kilometer radius from the Palauan archipelago’s centroid and 270 kilometers from the

Hawaiian archipelago’s centroid, then convert to degrees of latitude and longitude for a spa-

tial square. We then filtered the list, retaining only shark species that are classifiable by the

SC and contain > 50% likelihood to be observed in either region (determined by averaging

the bounded spatial AquaMaps prediction). This approach resulted in 13 shark species in

Palau and 17 species in the Hawaiian archipelago with a known probability of occurrence

(Table C.1).

To collect visual training data, we then sourced short YouTube (YT) videos of the species.

We were unable to include four species (Nebrius ferrugineus, Megachasma pelagios, Isurus

paucus, and Alopias superciliosus) due to their lower encounter rates.

We then processed each video with SharkByte, producing whole frames, cropped images,

and an annotation spreadsheet. Each video was processed at a fixed detection threshold

of 0.5, which favors cleaner data even if some sharks are occasionally missed. Videos were

analyzed at 15 frames per second, and we prioritized short clips (< 3 minutes) containing

only one species to reduce manual validation effort. SharkByte produced full frames, cropped

images, and an annotation spreadsheet. Using the built-in metadata fields, we appended

species identity, a general location name, centroid coordinates, video source, and relevant

notes to the annotation file.

C.2 Submitting Data to sharkPulse

After manually validating the processed 16 videos describing 16 species, we compressed

the output using the SharkByte button ”Zip Output Folder.” Then, we registered a set of cre-

dentials on the sharkPulse website (https://sharkpulse.org/applications/sharkbyte/)

https://sharkpulse.org/applications/sharkbyte/
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with an email, a username, and a secure password. The registration webpage provides clear

instructions on setting up valid credentials, which helps sharkPulse manage data submissions,

prevent spam or malicious use, track individual contributions, and incentivize continued user

engagement through specialized events and rewards. Each individual submission is limited to

1 GB to prevent server overloading and streamline manual review. The user is encouraged

to submit both full-frame images of detected sharks, which capture essential background

context and environmental complexity, as well as cropped images that isolate the subjects,

ensuring the training dataset includes examples with and without surrounding visual noise.

We then submitted the compressed validated images to sharkPulse using the ”Upload Zip to

Server” SharkByte button, making sure to provide the correct registered credentials. When

connected to the internet, the data is uploaded to sharkPulse, where it is decompressed, and

the annotations and media are securely stored for expert review.

The submitted data were reviewed by the sharkPulse expert who demonstrated this work-

flow (Jeremy Jenrette). The annotated images were then piped into the SC training dataset,

prompting retraining. New video frames were added to the training and validation sets (at

a 9:1 split), leaving the holdout test set unchanged. This approach isolated the impact of

training data augmentation on model performance, enabling an unbiased evaluation of im-

provements in classification recall. We tested the retrained SC on the same 46,332 sharkPulse

holdout test images, and the subset of footage from both surveys. To further promote this

application and workflow for citizen scientists—by identifying relationships between man-

ual effort and direct changes to model performance—we plotted the number of new images

boosted per species versus the corresponding change in species-specific classification recall

for the test images and survey subsets (Figure C.1).
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C.3 Data Augmentation

In less than three hours, we sourced a list of 24 species likely to be observed in Palau or

the MHIs, collected 20 videos (one per species, excluding four cryptic species) from YT with

an average duration of 73 ± 57 seconds, processed them with SharkByte, and submitted

the output to the sharkPulse Application Programming Interface (API) for expert review

(Figure C.1). All species that were observed in both surveys were present in the final list

and represented with new training data. We sourced location metadata for 16 videos and

produced 8,466 new images comprised of whole detected frames and cropped shark subjects.

It took 8.5 hours to retrain the SC and 16 minutes to test it on the same 46,332 holdout

sharkPulse images with the sharkDetectoR. Species-specific recall improved by an average

of 7.7% ± 1.3% following targeted boosting, while overall end-to-end accuracy rose by only

0.6% to 92.0%, due to minor reductions in recall for non-boosted species because of in-

creased misclassification into boosted classes. However, this trade-off was less consequential

in practical survey applications, as non-target species were not observed in the survey videos,

resulting in a more pronounced improvement of 9.5% ± 3.5% in survey recall.
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Figure C.1: Boosting base and survey-specific recall. The data augmentation workflow
identifies shark species in a geographic bound, processes relevant video training data, and
submits data to sharkPulse for updating species classification performance. In panel (A) we
used the sharkDetectoR::find_species function to identify 20 unique species with proba-
ble residency in Hawaii and Palau. In (B), the list of shark species guided manually sourcing
relevant video footage from YT and processing them with the SharkByte application. Pro-
cessed media was submitted to sharkPulse and retrained. In (C), we evaluated the result
of this approach to increase base and survey-specific classification performance. Species are
colored by their International Union for Conservation of Nature (IUCN) conservation sta-
tus, ∆ Recall points are sized by how many new images were trained, and performance was
measured on the holdout test and survey datasets.
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Table C.1: Catalogued information on shark species in Palau and the MHIs, integrating
IUCN distributions, FishBase depth ranges, and AquaMaps occurrence probabilities. Also
shown are the number of images sourced from YT videos via SharkByte and the resulting
base recall increase of the SD after retraining.

Species PA prob MHI prob Category Max depth (m) Min depth (m) Images Recall Increase
Alopias pelagicus 0.64 – EN 300 0 1,327 0.07
Alopias superciliosus 0.82 0.98 VU 730 0 1,821 0.04
Carcharhinus albimarginatus 0.89 0.84 VU 800 0 594 0.01
Carcharhinus amblyrhynchos 0.90 0.85 EN 1000 0 2,100 0.10
Carcharhinus falciformis 0.55 – VU 4000 0 4,893 0.13
Carcharhinus longimanus 0.65 0.62 CR 1082 0 6,540 0.03
Carcharhinus melanopterus 1.00 0.87 VU 75 0 1,518 0.03
Isurus oxyrinchus 0.75 1.00 EN 888 0 1,159 0.09
Isurus paucus 0.79 1.00 EN 1752 0 722 0.25
Negaprion acutidens 0.95 – EN 92 0 844 0.14
Prionace glauca 0.74 1.00 NT 1082 0 8,104 0.17
Rhincodon typus 0.93 1.00 EN 1928 0 491 0.01
Triaenodon obesus 0.98 0.97 VU 330 0 8,900 0.14
Alopias vulpinus 0.66 – VU 650 0 590 0.02
Carcharhinus galapagensis 1.00 – LC 286 1 722 0.11
Carcharhinus limbatus 0.90 – VU 140 0 610 0.07
Carcharhinus plumbeus 0.99 – EN 500 0 6,793 0.09
Carcharodon carcharias 0.96 – VU 1280 0 9,190 0.15
Galeocerdo cuvier 0.86 – NT 800 0 7,100 0.19
Sphyrna lewini 0.67 – CR 1043 0 1,499 0.11

C.3.1 Impact

Visual observations describing some species, such as Megachasma pelagios (megamouth

shark), with approximately 250-300 total documented observations in the wild [174], cannot

be substantially boosted without synthetic data-generation techniques [2] or similar methods,

exposing a current limitation but also a future step towards resolving an imbalanced training

dataset. However, results showed that even data-deficient species such as Echinorhinus cookei

(prickly shark) could be sourced and boosted with 1,100 new images producing a recall

increase of 22% (Figure C.1). Despite significant gains in species-specific recall, overall end-

to-end accuracy improved modestly. This phenomenon underscores the complex trade-offs

inherent in targeted data augmentation strategies within multi-class classification systems

[78, 130]. By using the get_metrics function to reveal the number of training images

per species, this approach can also prioritize data-deficient species to balance the dataset
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and directly tackle key limitations in species-specific accuracy [78, 84]. Therefore, the data

augmentation strategy provided a substantial survey-specific performance boost, exemplified

by a 9.5% increase in taxonomic recall, which emphasizes the practical benefits of selectively

improving species-specific model performance. To further capitalize on newly ingested data,

next steps should incorporate automatic boosting of the object detection model to fully

augment all prediction outputs.

The sharkDetectoR and SharkByte tools allowed rapid, streamlined sourcing of shark

distribution probabilities for guiding data collection and annotation of shark videos from

platforms such as YT. This approach proved effective for both programmatic and practical

field use by generating 8,466 new training data (6,959 spatially tagged) that boosted the

base recall of the SC and survey-specific performance by 0.6% and 9.5% respectively. While

this method does not yet automatically source video data given a list of target species,

it provides a structured scheme to direct manual effort toward the most ecologically and

conservation-relevant taxa, thereby improving the detection capability and accuracy of auto-

mated postprocessing. Crucially, this framework demonstrates how global, publicly available

media streams can be converted into validated biodiversity records that augment conven-

tional datasets. By prioritizing species of conservation concern, incorporating occurrence

likelihood, and integrating metadata from focal regions, the workflow not only improves

classifier accuracy but also produces actionable ecological information. In practical terms,

this means managers and conservation organizations can access near-real-time updates on

species presence, track shifts in local shark communities, and identify emerging hotspots of

biodiversity or risk. More broadly, the study illustrates how combining Artificial Intelligence

(AI) with citizen-generated data can reduce barriers to large-scale monitoring, enabling more

responsive and evidence-based strategies for shark conservation and management.



Appendix D

Morphology and taxonomy

This appendix provides detailed summaries of the SD’s taxonomic coverage and mor-

phological analyses, including modeling how species’ morphometric distinctness and data

availability influence classification performance across orders, families, genera, and species.

D.1 Predicting Performance with Morphometrics

Automated classification of sharks presents unique challenges due to the wide range of

morphological similarities across closely related species. Many elasmobranch taxa are defined

by subtle differences in body shape, fin proportions, and coloration. These are features that

can be difficult to consistently distinguish in photographs or video frames. These difficulties

are compounded when images vary in quality, perspective, or background complexity, all

of which contribute noise to the classification task. For Convolutional Neural Networks

(CNNs), such morphological overlap can produce systematic misclassifications, particularly

when two or more species exhibit similar morphometric measurements. In these cases, the

predictive capacity of a model is constrained not only by the number of available training

images but also by the inherent distinctness of the taxa themselves. Thus, assessing the

degree to which species are morphometrically separable is critical for understanding where

classification bottlenecks arise and for guiding targeted data augmentation efforts.

To address this issue, we modeled the predictive relationship between classification per-
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formance and the morphological distinctness of shark taxa. Morphometric data were com-

piled from the rfishbase package [17], which aggregates curated measurements across body

length, fin ratios, and other diagnostic characters. For each taxonomic rank (order, family,

genus, and species), we calculated multivariate centroids that capture the average morpho-

metric profile of each group. Pairwise Euclidean distances between these centroids were then

used to quantify morphological distinctness at each taxonomic level. Classification perfor-

mance was summarized using the joint F1 Score (F1) score from the SD pipeline, a metric

reflecting both precision and recall. To account for imbalances in training data availability,

we incorporated the total number of training images per species as weights in the regres-

sion analysis. This framework allowed us to directly test whether greater morphological

distinctness predicts improved classification outcomes, while controlling for training data

volume.

Our analysis included 47 species, 22 genera, 13 families, and five orders. A weighted linear

regression revealed that morphological distinctness was a significant predictor of classification

performance (Figure D.1). Formally, we modeled the relationship as:

F1,i = β0 + β1 · log(Di) + εi, (D.1)

where F1,i is the joint classification performance of taxon i, Di is the morphometric

distance of that taxon from the centroid of its training dataset, β0 and β1 are estimated

regression coefficients, and εi is the error term. Model weights were assigned according to

the number of training images available per species, ensuring that more data-rich taxa had

proportionally greater influence on the regression fit. The fitted model indicated that the

log of taxa-centroid distance was positively associated with joint F1 scores (β = 0.035, p =

0.031). The intercept term (0.783) reflected baseline performance even for morphologically
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similar species, whereas increases in morphological distance were associated with incremental

gains in classification accuracy. Despite a relatively low proportion of variance explained

(R2 = 0.099), the relationship was statistically significant, underscoring that morphological

distinctness provides useful predictive power when combined with training data availability.

Residual variability, however, highlights that other factors—such as image heterogeneity,

habitat context, and labeling noise—also influence performance.

These findings have several implications for strategically improving the SD. First, taxa

with low morphological distinctness represent high-priority targets for data augmentation,

as they are more likely to be misclassified without substantial additional training mate-

rial. Conversely, morphologically distinct species can often achieve high performance with

fewer images, suggesting that augmentation efforts there may yield diminishing returns.

More broadly, incorporating morphometric predictors into performance modeling provides

a framework for balancing training datasets and anticipating classification challenges. This

approach can be generalized across taxonomic levels, providing researchers with a diagnostic

tool for identifying species most likely to benefit from targeted boosting. Ultimately, by com-

bining crowdsourced morphometric data with training image curation, we can better align

machine learning workflows with biological reality, yielding more robust and ecologically

meaningful classification outcomes.
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Figure D.1: Relationship between morphological distinctness and classification performance
across sharks. Weighted linear regression shows that taxa with greater morphometric dis-
tance from their training centroids achieved higher F1 scores.

D.2 Taxonomic Summary

A critical step in developing the SD was establishing a minimum threshold for the amount

of training data required to include a species in the classification pipeline. Within the

sharkPulse training dataset, 228 shark species were represented by fewer than 200 labeled

images, a level insufficient for stable model training. We therefore imposed a cutoff of 200

images per species, which reduced the immediate taxonomic coverage but greatly improved

the reliability of predictions. After applying this threshold, 80 species remained with suf-

ficient data representation to support robust classification. These species span 7 orders,

21 families, and 38 genera, forming the core taxonomic range of the current SD (version

5: Figure D.2). This cutoff not only ensures higher baseline accuracy but also highlights
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priority taxa for future data augmentation, as continued ingestion of validated images will

allow expansion of coverage beyond the present 80 species.

The phylogenetic distribution of classification performance provides an overview of how

accuracy propagates across taxonomic levels. The circular tree illustrates F1 scores for or-

ders, families, and genera, represented by the performance of their branches, while species-

level F1 scores are indicated by colored terminal nodes (Figure D.3). Gray nodes mark

species that currently lack sufficient training data to be classified directly at the species

level, but that can still be reliably assigned to a higher rank. This hierarchical structure

highlights the advantage of the SD approach: even when fine-scale resolution is unattain-

able due to limited data, the model can still provide ecologically meaningful identifications

to 533 species total, nearly all shark species (excluding Pristiophoriformes, also known as

sawsharks). Such flexibility is particularly valuable for ecological monitoring, where genus-

or family-level identifications are often adequate for biodiversity surveys, community as-

sessments, and conservation decision-making. By scaling its performance across taxonomic

levels, the SD offers a practical and adaptive framework that balances data availability with

classification accuracy.
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Figure D.2: Taxonomic coverage of the SDv5 after applying a 200-image training threshold.
Eighty species spanning 7 orders, 21 families, and 38 genera are currently included, while
species with fewer images remain candidates for future expansion.
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Figure D.3: Circular phylogenetic tree summarizing classification performance of the SDv5.
Branch colors denote accuracies at order, family, and genus levels, while terminal nodes
show species-level accuracy. Gray nodes represent species that can be classified only to
higher taxonomic ranks.



Appendix E

BRUVs

This brief appendix summarizes contextual geographic and human population informa-

tion, shark biodiversity, and infrastructural strategies to carry out the two Baited Remote

Underwater Video (BRUV) surveys in the Hawaii and Palau regions.

The Hawaiian Archipelago lies in the Central Pacific and consists of 18 islands and atolls

spanning 2,600 km, from Kure Atoll in the northwest to Hawai‘i Island in the southeast. It

is one of the most remote and isolated archipelagos in the world. This volcanic chain in-

cludes the geologically younger and human-populated MHIs, as well as the older and largely

uninhabited Northwestern Hawaiian Islands, which form part of a large marine refuge. The

region hosts high levels of shark diversity, with reef-associated species (e.g., Carcharhinus

amblyrhynchos) often abundant in atoll habitats, while pelagic species such as Prionace

glauca and Alopias pelagicus migrate through offshore waters. Seasonal patterns in abun-

dance and differences between reef and pelagic habitats make the archipelago a natural

laboratory for studying shark ecology and conservation.

In the MHI survey, all sampling sites were separated by at least 500 m. Each BRUVs

platform was equipped with an action camera (GoPro Hero models 5 and above), enclosed in

either an acrylic tube (Blue Robotics, depth-rated to 100 m) for shallow deployments or an

aluminum tube (Blue Robotics, depth-rated to 900 m) for deep deployments. The housings

were mounted on galvanized iron frames and deployed from a motorized vessel, lowered to

the seafloor by rope.
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The Palau Archipelago is in the Western Pacific Ocean and consists of more than 340 is-

lands spanning 200 km across southwest Micronesia. Its geological history reflects a dynamic

interplay between volcanic activity and coral reef growth, producing a seascape of lagoons,

barrier reefs, and marine lakes. Palau is considered a biodiversity hotspot, with reef shark

populations (e.g., Carcharhinus melanopterus and Triaenodon obesus) particularly notable

for their high densities compared to many other Pacific regions. In 2020, Palau strength-

ened its global conservation leadership by expanding the Palau National Marine Sanctuary

to cover 470,000 km2, representing 80% of the country’s Exclusive Economic Zone (EEZ).

This large-scale protection provides a critical setting to study how marine protected areas

contribute to shark biodiversity, abundance, and habitat use.

E.1 Video Processing Workflows

To complement the regional survey descriptions, we also evaluated the tradeoff between

efficiency and accuracy across three video processing strategies: fully manual annotation,

semi-automatic workflows incorporating partial automation with human review, and fully

automated workflows using the SD pipeline with the SharkByte Graphical User Interface

(GUI). Each approach was assessed in terms of annotation time and resulting classification

performance based on a 6.9-hour subsample of footage from each survey, allowing us to

quantify the balance between labor investment and predictive accuracy. Figure E.1 outlines

these workflows schematically, with directional arrows indicating the progression from raw

BRUV footage to annotated shark detections.
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Figure E.1: Workflows for annotating BRUV footage. The black line represents manual
annotation at real-time playback, the red line indicates a semi-automatic workflow combining
automated detection with human review, and the green line shows the fully automated
workflow using the SD pipeline with the SharkByte GUI. Directional arrows illustrate the
progression from raw footage to annotated shark detections.



Appendix F

Instagram Sourcing Methods

Metadata were collected using the open-source tool InstaCrawlR [132]. We attempted

to access the official IG Graph API through a Facebook Business Account, but business

verification was not granted to academic users, preventing token generation. A third-party

scraping platform (Apify) was then tested [155], which proved effective for structured tasks

but required paid access and lacked transparency, limiting reproducibility.

To evaluate Apify’s reliability, we implemented a workflow scheduled every two weeks

to scrape the hashtag #tigershark for the preceding fortnight (December 21, 2023–May 1,

2024). This proactive schedule reduced risks of post expiration or deletion. While explicit

evidence for post expiration remains unclear, short intervals facilitated ongoing monitoring

and quality assurance milestones. The workflow was semi-automated but required regular

maintenance.

The scheduled Apify-based workflow collected 3,843 posts for pilot validation, of which

498 (14.7%) were manually reviewed. From these, 398 posts (10.3%) describing eleven shark

species were confirmed as unique, wild observations with geolocation and date metadata.
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iNaturalist Diagnostic Plots

In this appendix, diagnostic plots were generated to evaluate the goodness of fit and

predictive performance of the negative binomial models (Figures G.1, G.2, G.3, and G.4),

using the tiger shark (Galeocerdo cuvier) in the Bahamas as an illustrative example, showing

how well the fitted values capture observed variability and residual structure through time.

The diagnostic plots indicate that the continuous and point-estimate models adequately

capture the general pattern of annual shark sightings, though some deviations remain in

years with sparse data. Both models show residuals largely centered around zero, suggesting

no major systematic bias, but with mild heteroskedasticity where fitted values are small,

reflecting underdispersion in low-count years.

Observed versus predicted totals show that most years fall close to the one-to-one line,

with the models slightly overpredicting recent years (e.g., 2024–2025), which likely reflects

the limited number of observations in earlier time periods relative to later ones. Overall, the

diagnostics support a reasonable model fit for trend inference, while highlighting expected

uncertainty associated with years of low sampling effort or few observations.
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Figure G.1: Residual and goodness-of-fit diagnostics (top) for the continuous-year trend
model, showing the relationship between fitted and residual values as well as the distribution
of deviance residuals (bottom).



190 APPENDIX G. INATURALIST DIAGNOSTIC PLOTS

Figure G.2: Residual and goodness-of-fit diagnostics (top) for the point-estimate model,
showing the relationship between fitted and residual values as well as the distribution of
deviance residuals (bottom).



191

Figure G.3: Observed versus predicted shark counts at a monthly scale, illustrating the
correspondence between model predictions and observed shark sightings.
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Figure G.4: Observed versus predicted shark counts at the annual scale, showing the corre-
spondence between model predictions and observed shark sightings.
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