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Taxonomy provides the foundation for ecology, evolution, and conservation, but it continues to
face significant challenges. Morphology-based approaches are hampered by issues such as
cryptic similarity, phenotypic plasticity, and the global decline in taxonomic expertise. Molecular
methods, while precise in detecting genetic divergence, often fail to identify the visible traits that
separate lineages. This persistent disconnect between genotype and phenotype limits the
integration of molecular and morphological evidence in biodiversity research. The rapid
digitisation of natural history collections now provides unprecedented image datasets, but their
scale demands automated, interpretable approaches for morphological analysis. This thesis
investigates the application of computer vision and explainable artificial intelligence to the
interpretation of morphology across species, populations, and collections. The central aim is to
evaluate whether computer vision models, when coupled with heatmap-based interpretability
methods, can both achieve high classification accuracy and reveal biologically meaningful traits

in ways transparent to human experts.

Four empirical studies demonstrate this potential. Chapter 2 trained convolutional neural
networks to classify cryptic limpets from the Baja California peninsula, achieving accuracies
marginally higher than expert taxonomists. Heatmaps confirmed that models attended to
diagnostic shell features. Chapter 3 developed a computer vision pipeline to detect mislabelled
butterfly specimens in the digitised Lepidoptera collection of the Natural History Museum,
London, revealing many potential errors where many were verified by experts and genetics.
Chapter 4 applied computer vision to genetically divergent but morphologically similar limpet
clades, showing that saliency maps and shape analyses could expose subtle, previously

overlooked shell differences aligned with phylogeographic structure. Chapter 5 compared



human and machine attention in the classification of British butterflies, demonstrating
substantial overlap between heatmap focus and diagnostic traits in identification guides, while
also highlighting features not mentioned in the literature and attention to novel artefacts.
Together, these studies show that explainable computer vision can complement and extend
traditional taxonomy: accelerating large-scale identifications, flagging curation errors, and
uncovering cryptic morphological divergence. More broadly, they position interpretable artificial
intelligence as a practical instrument for biodiversity science, one that can bridge molecular and
morphological evidence, strengthen the curation of natural history collections, and provide

reproducible baselines for the study and conservation of biodiversity.
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Definitions and Abbreviations

Definitions and Abbreviations

[CV e, Computer vision, a field of computer science that enables machines

to interpret and analyse visual information from images or videos.

Al Artificial Intelligence, is the use of computers and algorithms to
perform tasks that normally require human intelligence, such as recognising patterns, making

decisions, or learning from data.

XAl e Explainable Artificial Intelligence, is artificial intelligence that makes

its decisions understandable to humans by showing how and why it reached a result.

NHC ..o, Natural history collections, organised archives of preserved

specimens, fossils, and associated data that document the diversity of life and Earth’s history.

NHM .o Natural history museums are institutions that preserve, research, and
display specimens and artefacts from the natural world to advance science and share knowledge

with the public.

DL Deep learning, a type of machine learning that uses multi-layered

neural networks to automatically learn patterns and representations from large amounts of data.

CNN . Convolutional Neural Networks, a kind of deep learning model
designed to analyse images by detecting features such as edges, shapes, and textures through

specialised convolutional layers.]
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Chapter 1

Chapter 1 Introduction

1.1 Biodiversity, Morphology, and Taxonomy

Biodiversity research relies on accurate and reproducible systems of organism-based
classification (Kurzel et al., 2022). Taxonomy provides the framework through which species and
higher-level groups are described, compared, classified, and understood, forming the foundation
for ecology, evolution, and conservation biology (Dayrat, 2005). Its influence, however, extends
far beyond these fields. Accurate taxonomic knowledge underpins environmental sciences,
where species serve as indicators of ecosystem health and past environmental conditions
(Bortolus, 2008, Hollister et al., 2022). It is fundamental to agriculture and food security, ensuring
pests, pollinators, and pathogens are correctly identified (Lughadha, 2004). In public health,
taxonomy guides the control of disease vectors and parasites (Wilcox and Ellis, 2006). Even
culturaland socio-economic practices, such as traditional medicine, fisheries, and wildlife trade,

are framed by the ability to correctly recognise and name species (Mace, 2004).

Traditionally, morphological traits, such as body shape, colour patterns, or structural
features, have been the primary means of distinguishing between taxa. These characters remain
invaluable because they are visible, measurable, and accessible in both contemporary and
historical specimens. However, species can be highly variable across their geographic ranges,
developmental stages, or ecological contexts, while in other cases outward appearance remains
deceptively uniform despite underlying genetic divergence (Zarzyczny et al., 2024, Mesnick and
Ralls, 2018, Hebert et al., 2004, Hending, 2025). Such complexities contribute to long-standing
taxonomic uncertainty and can complicate biodiversity assessments, ecological monitoring, and

conservation planning.

1.2 Morphological Challenges in Taxonomy

The diverse morphology of life on earth presents taxonomists with a wide range of challenges that
can obscure true species boundaries or inflate apparent diversity. These include cryptic
similarity, plasticity, sexual dimorphism, ontogenetic change, polymorphism, convergence,
hybridisation, aberrations, and environmental artefacts. Each poses distinct difficulties for

reliable classification.
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Cryptic similarity - Occurs when multiple genetically distinct lineages appear
morphologically indistinguishable. Such cases are widespread across plants, animals,
and fungi, where external characters provide little signal of underlying divergence
(Bickford et al., 2007) which can result in many species being masked as a single species.
Forinstance, a species of butterfly, Asraptes fulgerator (Walch, J.E.l., 1775), was originally
described visually in 1775, however was found out to be a complex of 10 different species
in 2004 (Hebert et al., 2004). One study estimated that for every species identified through
morphology alone, there are an average three cryptic species hidden within it (Pfenninger
and Schwenk, 2007). Such hidden diversity contributes to the Linnean shortfall which is
the gap between the number of species formally described and the true number of
species on Earth, thereby leading to systematic underestimation of global biodiversity

(Brito, 2010, Walters et al., 2021).

Phenotypic plasticity - Represents the inverse challenge to cryptic similarity, where
individuals of a single species display highly variable morphologies. Classic examples
include shell shape variation in intertidal molluscs exposed to differing wave regimes
(Trussell, 1996) and leaf form differences in plants grown under contrasting light
conditions (Sultan, 2000). Plasticity can blur the boundary between adaptive form and

heritable character, risking over-splitting, causing a misinterpretation of diversity.

Sexual dimorphism - Males and females of the same species may differ from each other.
Sexual dimorphism occurs across many groups, from plumage in birds (Dale et al., 2015)
to wing shape and colour in butterflies (Dharmaraaj and Kunte, 2025). Misinterpreting
sexes as separate taxa has been shown to cause inflated species numbers (Isaac et al.,

2004).

Ontogenetic change - Morphological differences across developmental stages can also
obscure taxonomy. Larval, juvenile, and adult forms of many insects and amphibians are
so distinct that they have been described as separate taxa when life histories are

unknown (Barton, 2024).

Polymorphism - The occurrence of multiple stable, genetically determined forms within
a species, and environmentally induced seasonal plasticity both complicate taxonomy.
Colour morphs (Livraghi et al., 2025) and seasonal wing forms in butterflies triggered by
photoperiod or temperature (Cabon et al., 2025) illustrate how one species can present

as several morphologically distinct entities. Again, can overinflate diversity estimates.

Convergent evolution - Generates morphological similarity between unrelated lineages
occupying comparable ecological niches. Such convergence can easily mislead

morphology-based classification by masking true evolutionary relationships. For
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example, the mimicry rings of butterflies, where distantly related species can evolve near-
identical wing colouration and patterning to share protection from predators (Mallet and
Joron, 1999, Merrill et al., 2015) or the repeated evolution of limpet-shaped shells across
unrelated gastropod lineages, driven by adaptation to wave-swept intertidal habitats
(Vermeij, 2002, Urdy et al., 2010). In both instances, similar selective pressures result in
analogous morphologies that can obscure phylogenetic boundaries and complicate

taxonomy when assessments are based on form alone.

- Hybridisation and introgression — Can produce individuals with mosaic morphologies
intermediate between parent species. These can be mistaken for novel taxa or obscure

true boundaries, as documented in plants and many vertebrate groups (Mallet, 2005).

- Aberrations - Rare morphological anomalies within individuals that can further confuse
taxonomy. Aberrant forms, often caused by developmental instability, disease, or injury,
may not represent heritable characters but can be misinterpreted as diagnostic features

(Nijhout, 1986).

- Environmental wear and preservation artefacts - Can also be significant in diagnoses.
In molluscs, shell erosion can obscure key features (Akpan and Farrow, 1985), while in
natural history collections (NHC), faded pigments or damaged can complicate species
recognition (Hendry et al., 2016). Fossil specimens, likewise, are often altered by erosion

that can erase or distort morphological traits (Behrensmeyer et al., 2000).

Taken together, these challenges illustrate why morphology, although central to taxonomy,

can provide an incomplete or misleading picture of biodiversity.

1.3 Visual-Based Taxonomy

For much of its history, taxonomy has relied on visual examination of specimens. ldentification
through external morphology, supported by field guides, dichotomous keys, and expert
comparison, remains central to taxonomic practice (Trail, 2021, Bik, 2017). This approach has the
advantages of being non-destructive, immediately accessible, and directly tied to the diagnostic
characters used in formal species descriptions. As a result, visual-based taxonomy continues to
underpin ecological surveys, museum curation, and biodiversity monitoring and has done so for

hundreds of years.

However, visual identification is also prone to error. Even experienced taxonomists may
misidentify specimens when working with groups that are morphologically variable or cryptic

(Hollister et al. 2023; Hollister et al. 2025). They are also prone to human-based errors such as
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suffering from fatigue, lapses in concentration, cognitive bias, or reliance on incomplete prior
knowledge (Waldchen et al., 2022, Behrens et al., 2023). Studies have shown that accuracy can
be far lower than often assumed. For example, controlled trials with insect identifications
reported overall accuracies below 60% even for expert observers (Austen et al., 2016). Similarly,
large-scale comparisons with molecular benchmarks revealed only about 71% agreement with

visual identifications (Meyer and Paulay, 2005).

The effectiveness of visual taxonomy is also strongly influenced by practical factors such
as the quality of available keys (Waldchen et al., 2022), and the condition of reference collections
(Vollmar et al., 2010). Specimen throughput can be another limiting factor: careful examination
is time-intensive, particularly for large-scale digitisation projects or ecological surveys generating
thousands of specimens (Nelson and Ellis, 2019). There are also funding issues, which inevitably
impact staffing in many collections across the world (Paknia et al., 2015). Additionally, there is a
decline in taxonomic expertise worldwide. For many groups, only a handful of active specialists
remain (Agnarsson and Kuntner, 2007), expertise is unevenly distributed across taxa and regions,
leaving large numbers of species without dedicated experts (Ebach et al., 2011, Troudet et al.,
2017). At the same time, university training programmes and collection-based teaching have
contracted, offering fewer opportunities for students to develop skills in morphology-based
identification (Agnharsson and Kuntner, 2007). Yet the demand for accurate identifications
continues toincrease, driven by accelerating biodiversity surveys (Cerrejon et al., 2025), the rapid
expansion of citizen science initiatives (Jansen et al., 2024), and the scaling-up of large museum

digitisation projects worldwide (Yap et al., 2024).

The mismatch between rising demand and shrinking expertise increases the risk of
misidentifications, slows the pace of research, and weakens the foundations upon which
biodiversity science depends. These limitations underscore the need for complementary
approaches that retain the interpretability of morphology while addressing the bottlenecks of

human subjectivity and limited workforce capacity.

1.4 Molecular Approaches and Their Limitations

The advent of molecular methods reshaped taxonomy and biodiversity science. The introduction
of DNA barcoding demonstrated that short, standardised gene regions could reliably distinguish
species across diverse animal groups (Hebert et al., 2003), and subsequent work showed how
barcoding complements traditional taxonomy, molecular phylogenetics, and population
genetics (Hajibabaei et al., 2007). More recently, genome-wide SNP analyses have provided high-

resolution insights into population structure and adaptive variation (Nielsen et al., 2009,
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Seehausen et al., 2014, Luikart et al., 2018). These approaches offer an objective and replicable
framework for classification, often revealing hidden diversity where morphology alone proves
insufficient. Molecular data have been central in clarifying long-standing taxonomic
uncertainties, confirming or rejecting species validity, and reshaping our understanding of
evolutionary relationships across a wide range of taxa (Dayrat, 2005, Padial et al., 2010). The
contributions of molecular approaches are substantial. They have uncovered cryptic species
complexes (Hebert et al., 2004), resolved nomenclatural confusion (Puillandre et al., 2012), and
provided robust insights into phylogenetic and population-level patterns (Avise, 2009, Nielsen et
al., 2009). Increasingly, genetic data are also incorporated into biodiversity surveys, helping to
standardise identifications and allowing researchers to detect diversity that would otherwise

remain unrecognised through morphology alone (Taberlet et al., 2012, Cristescu, 2014).

Despite the impact, molecular approaches also face important limitations. Generating
sequence data requires specialised equipment, technical expertise, and financial resources that
are not equally available across regions or institutions (Will et al., 2005, Dayrat, 2005). Laboratory
errors, contamination, and inconsistent standardisation can compromise results, while
reference databases may themselves contain misidentified specimens which will all feed down
to researchers (Cheng et al., 2023). Scaling these methods to large collections of specimens,
typically housed in NHCs remains challenging, as processing is time-consuming and destructive

sampling is not always feasible (Raxworthy and Smith, 2021).

Perhaps most significantly, molecular methods often expose a gap between genotype and
phenotype. While they can demonstrate that taxa are genetically distinct, they provide limited
insight into how they differ morphologically, ecologically, or functionally (Dayrat, 2005, Karbstein
et al., 2024b). As a result, genetic clusters can appear abstract, disconnected from the visible
traits that shape ecological interactions and adaptive potential (Deng et al., 2023, Baird et al.,
2024). For biodiversity research, conservation, and taxonomy, it is nhot enough to know that
species are distinct, it is also necessary to interpret the traits that distinguish them. There has
been progress in explaining morphology through genetics, for example, in studies demonstrating
heritable components of wing morphology in grasshoppers (Pseudochorthippus parallelus)
(Cabon et al., 2025) and in mapping genetic loci underlying yellow-orange wing colour variation

in sulphur butterflies (Colias spp.) (Hanly et al., 2023).

Molecular methods are therefore invaluable but incomplete as stand-alone tools. Their
integration with morphological and ecological approaches offers the greatest potential:
combining genetic evidence of divergence with phenotypic data to reveal how differences
manifestin form and function (Padial et al., 2010). NHCs are central to this effort, as they provide
the physical specimens that anchor molecular sequences to observable traits and ecological

metadata (Raxworthy and Smith, 2021). By linking genetic clusters to voucher specimens, these
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collections allow researchers to bridge the genotype—phenotype gap and build a more complete

understanding of biodiversity.

1.5 Natural History Collections and Digitisation

NHCs represent one of the most significant archives of global biodiversity. Housing upwards of 3
billion specimens across museums, herbaria, and universities worldwide, these collections
document the morphology, distribution, and diversity of life across space and time (Arifio, 2010,
Paul et al., 2025). They underpin taxonomy by providing type specimens, but also serve as
irreplaceable resources for ecological, evolutionary, and conservation research. By preserving
material collected over centuries, they allow researchers to examine how species and
ecosystems have changed in response to environmental pressures, human activity, and global
change (Meineke et al., 2018). The scientific value of these collections is extensive. Specimens
provide historical baselines against which contemporary biodiversity can be compared, revealing
shifts in species distributions, abundance, and morphology (Shaffer et al., 1998, Lister, 2011).
They enable the study of long-term evolutionary and ecological dynamics, including trait
evolution, phenotypic plasticity, and the presence of cryptic diversity (Holmes et al., 2016, Rowe
et al., 2011). Crucially, they also link past and present datasets, connecting field-collected
material with genomic, ecological, and morphological data in ways that support integrative

biodiversity research (Raxworthy and Smith, 2021, Cook et al., 2014).

The digitisation of NHCs typically follows a structured photographic workflow designed to
maximise reproducibility, image quality, and downstream usability. Specimens are prepared and
positioned in a consistent orientation relative to the camera, often using standardised
backgrounds and colour charts to minimise visual noise and support later data correction
(Brecko & Mathys 2020). Image capture is conducted under controlled lighting conditions,
commonly employing diffuse, colour-balanced illumination to reduce shadows, glare, and
specular reflections, while fixed camera settings (aperture, exposure, white balance and focus)
are maintained across sessions to ensure consistency between specimens (Brecko & Mathys
2020). Calibration targets for scale and colour are frequently included to allow for post hoc
correction and comparability across datasets. Images are captured at sufficiently high resolution
to preserve diagnostically relevant features, and metadata describing capture conditions,
equipment and specimen identifiers are recorded alongside the image files. Quality control steps
are applied to identify blurred, poorly exposed, or inconsistently framed images prior to ingestion
into collection management systems. Collectively, these practices aim to produce standardised

digital surrogates that are suitable not only for archival and access purposes but also for
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quantitative analyses, including computer vision (CV)-based approaches, where variation
introduced during imaging can otherwise confound biological signal (Brecko & Mathys 2020;

European Commission 2019; Nelson & Ellis 2019).

In recent decades, large-scale digitisation initiatives have begun to revolutionise access to
these collections. Programmes such as iCollections in the UK, DiSSCo in Europe, and the NSF
ADBC programme in the United States have produced millions of high-resolution images of
pinned insects, mollusc shells, herbarium sheets, and microscopic slides (Blagoderov et al.,
2012, Hardisty et al., 2020, Nelson and Ellis, 2019). These digital surrogates make specimens
globally accessible and provide the raw material for computational approaches such as
computer vision (CV) (Beaman and Cellinese, 2012). In parallel, online aggregators and citizen
science platforms such as GBIF and iNaturalist have expanded availability still further, creating
biodiversity datasets of unprecedented scale (Nugent, 2018, Heberling and Isaac, 2018). Despite
these advances, challenges remain. Historical misidentifications are common, and errors
embeddedin collections can propagate through digital datasets (Goodwin et al., 2015). Metadata
are often incomplete, and imaging standards vary between institutions (Nelson and Ellis, 2019).
Many collections face backlogs, with vast numbers of specimens still yet to be digitised or

unstudied (Hedrick et al., 2020).

Digitisation has unlocked extraordinary potential, but human-led identification and
curation cannot keep pace with the scale of material available. This creates a pressing need for
automated, scalable methods that can process, validate, and interpret morphological
information at unprecedented speed and consistency (Lurig et al., 2021, Waldchen and Méader,
2018). In this sense, collections are no longer passive archives of biodiversity but dynamic,

digitised datasets, where their full value can be facilitated through advanced Al-based CV tools.

1.6 Computer Vision in Ecology and Evolution

CV applications in ecology and evolutionary biology rely on images acquired under markedly
different conditions, and these acquisition contexts strongly influence model performance,
robustness, and interpretability. Field-based imagery, such as photographs collected during
ecological surveys or contributed through citizen science platforms, is typically characterised by
substantial heterogeneity in lighting, background complexity, viewing angle, scale, and specimen
posture (Waldchen and Mader, 2018; Christin et al., 2019). While such images are invaluable for

large-scale monitoring and distributional analyses, this uncontrolled variation can obscure fine-
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scale morphological signal and complicate the extraction of consistent diagnostic features

(Norouzzadeh et al., 2018; Lurig et al., 2021).

In contrast, images generated through the digitisation of natural history collections are
typically acquired under highly standardised conditions designed to minimise non-biological
variation and maximise reproducibility (Blagoderov et al., 2012; Brecko and Mathys, 2020; Nelson
and Ellis, 2019). Such imaging regimes enable more reliable comparisons of morphological traits
across specimens, species, and populations, and are therefore particularly well suited to
quantitative analyses and interpretable computer vision approaches, where sensitivity to subtle
visual differences can otherwise be confounded by artefacts of image acquisition (Waldchen and

Mader, 2018; Ahmed et al., 2024).

Applications of CV in biodiversity science are becoming diverse. Models have been trained
to classify species from photographs of insects, birds, plants, or nanofossils with high levels of
accuracy (Carranza-Rojas et al., 2017, Norouzzadeh et al., 2018, Waldchen and Mader, 2018,
Poon et al., 2024) and other studies have demonstrated its utility in classifying cryptic taxa (Pinho
et al., 2023). Beyond simple classification, CV can also extract phenotypic traits such as wing
venation, body size, and colour patterning, allowing large-scale quantitative analyses (Wilson et
al., 2023, Eshghi et al., 2024). CV has also been applied in ecological monitoring, for instance in
the automated processing of camera trap images (Norouzzadeh et al., 2018) and remote sensing
data (Ballesteros et al., 2020), and even in palaeontology, where it has been used to classify fossil
morphology (Yagoob et al., 2025). The advantages of CV are considerable where these systems
can not only achieve levels of accuracy on par with human experts but can do so at speeds far
greater than any human could (Smith et al., 2024). Unlike human-led identification, CV outputs
are reproducible and less subject to individual variation or fatigue, making them particularly
valuable for large-scale biodiversity datasets (Ahmed et al., 2024). Importantly, CV approaches
are non-destructive and naturally compatible with digitised collections, allowing researchers to
analyse morphology directly from high-resolution specimen images or even something more

nuanced like hyperspectral datasets (Liu et al., 2022).

Nevertheless, challenges remain. Model performance can vary across taxa, and accuracy
often declines when classifiers are applied outside their original training domain (Zhou et al.,
2021). The reliability of CV methods is heavily dependent on the quality and reproducibility of
labelled datasets, with many biodiversity studies lacking transparency in data partitioning and
code availability (Ahmed et al., 2024). Moreover, DL models are frequently criticised as “black
boxes,” offering little transparency into the features used to make their predictions (Von

Eschenbach, 2021, Rudin, 2019). At the same time, other studies adopt these outputs with
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limited scrutiny, often using results without interrogating the underlying causation or model

behaviour (Lipton, 2018, Doshi-Velez and Kim, 2017).

Despite these challenges, CV presents itself as a new set of tools for biodiversity science.
It is not intended to replace traditional or molecular approaches, but to complement them by
providing scalable, reproducible, and efficient analyses of morphological data. By alleviating the
bottlenecks caused by declining taxonomic expertise and the vast scale of digitised collections,
CV opens new possibilities for taxonomy, ecology, and evolutionary biology (Ahmed et al., 2024,

Karbstein et al., 2024).

1.7 Explainable Al for Morphological Interpretation

A range of computational approaches have been developed to support morphological analysis
and species discrimination beyond traditionalvisual inspection. Prior to the widespread adoption
of deep learning, many studies relied on explicit feature extraction, in which predefined
measurements or descriptors were manually selected and quantified. Geometric
morphometrics, for example, has been widely applied to capture variation in shape using
landmark- or outline-based methods, providing powerful tools for analysing morphological
differences across taxa, populations, and environments (Rohlf and Marcus, 1993; Adams et al.,
2013). Such approaches offer strong interpretability and direct links to biological form, but they
often require substantial expert input, careful landmark placement, and assumptions about

homology that may not hold across highly variable or complex structures.

Otherapproaches focus on engineered or semi-automated feature extraction, where image
descriptors such as texture, colour histograms, or edge-based features are used as inputs to
statistical or machine learning classifiers (Christin et al., 2019; Lurig et al., 2021). While these
techniques can scale more readily than fully manual approaches, they still depend on a priori
decisions about which features are biologically meaningful and may struggle to capture subtle or
unexpected patterns of variation. More recently, deep learning—-based computer vision models
have reduced the need for explicit feature specification by learning hierarchical representations
directly from image data, often achieving superior classification performance across awide range
of biological applications (Waldchen and Mader, 2018; Ahmed et al., 2024). However, these gains
in performance have been accompanied by concerns over interpretability, as model decisions

are not inherently transparent.
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In response to this limitation, a growing body of work has focused on explainable artificial
intelligence (XAl), which aims to make the decision-making processes of complex models more
interpretable to human users (Doshi-Velez and Kim, 2017; Rudin, 2019). Within biodiversity
science, XAl techniques provide a means of linking model predictions back to visible
morphological features, allowing computational outputs to be evaluated in the context of
established taxonomic knowledge (Murdoch et al., 2019; Pichler and Hartig, 2023). Alternative
interpretability frameworks also exist, including model-agnostic explanation methods such as
LIME and SHAP, and concept-based approaches that quantify the influence of user-defined traits
(Ribeiro et al., 2016; Lundberg and Lee, 2017; Linardatos et al., 2020). Each offers distinct
advantages, but many are less naturally suited to high-resolution image data or to the direct visual

interrogation of specimen morphology.

Against this backdrop, heatmap-based XAl methods have emerged as a particularly
practical approach for image-based morphological studies. By highlighting regions of an image
that contribute most strongly to a model’s prediction, these techniques allow researchers to
assess whether classifiers attend to biologically plausible features, identify potential artefacts,
and generate hypotheses about diagnostic characters. While such methods do not provide a
complete explanation of model internals, they offer an interpretable bridge between automated
classification and traditional, character-based reasoning, making them especially relevant for

applications in taxonomy, natural history collections, and morphological research.

Heatmaps are a broad class of visualisations used to represent the relative importance of
image regions for a given model output, typically encoded through colour intensity. Saliency
maps represent one of the earliest and most direct approaches to visual interpretability in deep
learning, generated by computing the gradient of a model’s output with respect to the inputimage
to produce a pixel-level sensitivity map highlighting regions where small changes most strongly
affect predictions (Simonyan et al., 2013). Gradient-weighted Class Activation Mapping (Grad-
CAM) is an activation-based interpretability method that uses gradients flowing into the final
convolutional layers of a convolutional neural network to generate class-specific localisation
maps (Selvaraju et al., 2017). Unlike saliency maps, Grad-CAM produces coarser, region-level
heatmaps that reflect broader areas of attention associated with a particular class decision.
Although these methods differ in their computational basis and spatial resolution, both fall under
the broader category of heatmap-based XAl techniques and provide complementary
perspectives on model behaviour when interpreting automated classifications in terms of visible

morphological features.

Here, then, the central problem and opportunity come into focus. There is a need for

approaches that retain the transparency of character-based taxonomy while scaling to the
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volume and complexity of modern, digitised collections. Computer vision offers the necessary
speed and consistency, and XAl supplies the missing interpretability, allowing model decisions
to be traced to visible image features. The next section outlines the position of this work within
biodiversity science and explains how the following data chapters build from these motivations
to evaluate when, and how, computer vision and its explainable toolsets can strengthen
taxonomic practice, natural history curation, and the study of morphological variation within and

between species.

1.8 Positioning of this Thesis

The study of biodiversity requires tools that reconcile molecular evidence of divergence with the
morphological traits that remain central to taxonomy, ecology, and conservation. Traditional
morphological approaches provide accessible and interpretable characters but often fail to
capture cryptic or subtle variation. Molecular methods, meanwhile, have reshaped species
delimitation by revealing genetically distinct lineages, yet frequently leave unanswered questions
about how such divergence manifests in visible form, function, or ecology. This disconnect is
commonly referred to as the genotype—-phenotype gap. Computer vision and explainable artificial
intelligence offer a means of addressing this challenge by enabling scalable, reproducible, and

interpretable analysis of morphology from image data.

Interpretable computer vision approaches make it possible to move beyond classification
alone, allowing image regions and features contributing to model predictions to be visualised and
quantified. This creates opportunities to generate testable hypotheses linking genetic structure
to candidate morphological traits, to prioritise specimens or characters for further investigation,
and to evaluate the consistency of morphological signal across populations and taxa. In this
context, explainable computer vision is not intended to replace traditional taxonomic or
molecular approaches, but to complement them by providing systematic and transparent tools
for analysing morphology at scale. Such integration has the potential to enhance taxonomic
workflows, support the curation of large digitised natural history collections, and reveal

previously overlooked patterns of morphological variation within and between species.
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The thesis is structured around four data chapters:

Chapter 2 applies a CV pipeline to classify several limpet species with cryptic and variable shell
morphology. Results are compared with expert predictions, and heatmaps are used to explore

differences in classifier attention between species.

Chapter 3 investigates the use of CV to detect mislabelled specimens in large butterfly image

datasets, addressing a persistent challenge in digitised NHCs.

Chapter 4 applies CV to genetically divergent limpet populations, testing whether XAl can be
used to reveal morphological differences between populations on opposite sides of

phylogeographic breaks.

Chapter 5 compares human and machine attention in the classification of closely related British
butterflies, examining whether convolutional neural networks (CNN) focus on the same

morphological features used by taxonomists.

Together, these chapters demonstrate the potential of XAl not only to support traditional
taxonomy but also to expand its scope by uncovering cryptic or overlooked features,
standardising large datasets, and helping to bridge the gap between genotype and phenotype.
The broader contribution of this thesis is to position CV and explainability as integral components
of modern biodiversity science, offering scalable and interpretable tools for studying morphology

across species, populations, and NHCs.
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Chapter 2 Using computer vision to identify limpets
from their shells: A case study using four

species from the Baja California peninsula

Jack D. Hollister '2**, Xiaohao Cai ', Tammy Horton %3, Benjamin W. Price 3,

Karolina M. Zarzyczny "2, Phillip B. Fenberg **

1. School of Ocean and Earth Sciences, University of Southampton, Southampton, United
Kingdom
2. National Oceanography Centre, Southampton, United Kingdom

3. Natural History Museum, London, United Kingdom

2.1 Abstract

The shell morphology of limpets can be cryptic and highly variable, within and between species.
Therefore, the visual identification of species can be troublesome even for experts. Here, we
demonstrate the capability of CV models as a new method to assist with identifications. We
investigate the ability of computers to distinguish between four species and two genera of limpets
from the Baja California peninsula (Mexico) from digital images of shells from both dorsal and
ventral orientations. Overall, the models performed marginally better (97.9%) than experts
(97.5%) when predicting the same set of images and did so 240x faster. Moreover, we utilised a
heatmap system to both verify that models are focussing on the specimens and to view which
features on the specimens the models used to distinguish between species and genera. We then
enlisted the expertise of limpet ecologists specialised in identification of species from the Baja
peninsula to comment on whether the heatmaps are indeed focusing on specific morphological
features per species/genus. They confirm that in their opinion, the majority of the heatmaps
appear to be highlighting areas and features of morphological importance for distinguishing
between groups. We then asked them to comment on why the models and themselves may have
got a few predictions wrong. Our findings reveal that the cutting-edge technology of CV holds

tremendous potential in enhancing species identification techniques used by taxonomists and
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ecologists. Not only does it provide a complementary approach to traditional methods, but it also

opens new avenues for exploring the biology and ecology of limpets in greater detail.

2.2 Introduction

Limpets are abundant, diverse, and ecologically important members of rocky shore communities
(Kordas et al., 2017; Firth, 2021). In addition, some limpet species are important culturally and as
food sources for modern and pre-historic human societies (Fenberg and Roy, 2008; 2012; Firth,
2021; Weisler and Rogers, 2021). Yet, despite their ubiquity, limpet species can sometimes be
difficult to tell apartin the field (Simison and Lindberg, 2003; Burdi, 2015), at archaeological sites
(Rogers and Weisler, 2020a) and in museum collections (Kuo and Sanford, 2013) owing to their
highly variable shell morphologies and colour patterns (Nakano and Spencer, 2007). Even within
species, shell features can vary according to substrate, size (age), population, and geographic
region, sometimes resulting in distinct shell morphologies (Williams, 2017) and shapes (Rogers
and Weisler, 2020b) To further complicate matters, shell erosion and encrusting symbionts can
also impede visual identification. As a result, taxonomists frequently rely on using internal
anatomical features such as radular structure, as distinguishing characters (Simison and
Lindberg, 1999). In more recent decades, molecular methods have revealed new limpet species,
confirmed/rejected species validity, and clarified nomenclatural confusion among
morphologically similar species (Simison and Lindberg, 2003; Crummett and Eernisse, 2007).
Nevertheless, the use of internal anatomical or molecular characters for distinguishing similar
looking and highly variable species can be time consuming and resource limiting, while offering
little advance in species-level identifications using the most easily accessible external features -

their shells.

Recent developments in computer-based image recognition and detection may be
harnessed to develop accurate, fast, and cost-effective means to distinguish between limpet
species from their shells. In addition, these emerging technologies can also provide insight into
the morphological characteristics that can be used to distinguish between similar looking
species (Pinho et al., 2022). The aim of this paper is to evaluate the feasibility of these new
computer-based methods for distinguishing between limpet species and genera using digital

images of their shells.

CV is currently pushed forward by DL and artificial intelligence (Al) and focuses on the
development of algorithms and techniques for computers to process, understand and analyse

visual data inputs. This can involve tasks such as image and video recognition (the recognition of
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specified subjects within images and video), object detection (the recognition and location of
subjects within an image and video) and scene understanding (the recognition of a subject within
a 3D environment with respect to its relationship to other subjects). CV involves the
understanding of pixel patterns and their respective colour values. Furthermore, CV systems
have the capability to operate for prolonged periods, handle very large datasets, and produce
results at very fast speeds (Wilson et al., 2022), which are unachievable and/or unfeasible for

humans.

Recently, CV has been adopted by the life sciences as a method to visually identify and
group organisms together based on their morphology (Waldchen and Mader, 2018; Greeff et al.,
2022; Hollister et al., 2022), and has been recognised as an emerging tool for ecology, evolution,
and taxonomic research (Hgye et al., 2021; Lurig, 2022). The accelerated use of CV in the natural
sciences has coincided with the massive digitisation efforts of natural history museums (NHM)
(Popov etal., 2021; Wilson et al., 2022), where tens of millions of digital images of specimens and
collection data are now available for researchers worldwide. For example, Wilson et al., (2022)
applied CV models to >180,000 specimens of digitised natural history specimens of butterflies,
resulting in highly accurate sex identifications and body size measurements over a short

timescale (one week), showcasing the emerging power of CV for the natural sciences.

The evaluation of CV methods for identifying similar looking species has not been well
studied to date with mixed results from the few studies that have. For example, CV models
achieved accuracy scores of ~ 50% for identifying species of British carabid beetles (Hansen et
al., 2020). But more recently, some researchers have achieved highly accurate results (upwards
of 97%) for identifying species of cryptic lizards (Pinho et al., 2022), suggesting that CV models
are either getting more accurate and/or that the results can be taxon specific. Regardless, even if
highly accurate CV models are achieved, on their own, they do not give researchers any
information about how specimens of different species can be distinguished from each other.
Similarly, while DNA barcoding can allow for the species-level identification of specimens,
traditional morphological taxonomy is required to find distinguishing features between species
(Tautz et al., 2003). For CV to be practically useful for identification purposes, they must not only
be trained on specimens with known species-level identification (which can be achieved through
DNA barcoding and/or expert identification), but newly developed methods need to be integrated
to the workflow to provide insights to the decisions made by CV models. In other words, we need

to overcome the “black box” problem (Savage, 2022).

DL based systems are often viewed as "black boxes” with internal processes too
complicated for comprehension, which can lead to the development of biased models that

generate incorrect or biased results, leading to distrust in their results (Sham et al., 2022). To
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address these issues, a significant number of researchers are working to improve various aspects
of Al. Fortunately, CV has made significant strides in this area, as evidenced by the development
of XAl in the form of heatmaps. Heatmaps come in many forms and can be used with a variety of
applications. Within CNNs heatmaps are often used as a visualisation tool that can be generated
to show which features are learned during the training processes and which parts of an input

image were used to make predictions (Selvaraju et al., 2017).

Ecologists and taxonomists are now beginning to realise the potential of integrating
heatmaps into their CV models to help classify morphologically similar or cryptic species and to
highlight morphologically important characters. Recently, researchers applied CV models and
heatmaps for species identification problems of a cryptic group of lizards (Pinho et al., 2022). The
researchers found that the heatmaps from their CV models were focussing on areas of the body
that were morphologically variable between species (while also noting that future research
should focus on the interpretation of heatmap results). Although still in its infancy, we believe
that the use of CV and heatmaps will provide insightful, cost effective, and rapid means for the
identification of limpet species using shell features. If found to be robust, similar techniques
could be used to tell apart cryptic species, populations, and perhaps even shell differences

caused by microhabitat or phylogeographic factors.

In this paper, we apply CV models and heatmaps to four limpet species from the rocky
intertidal of the Baja California peninsula, Mexico: Lottia strigatella, (Carpenter, 1864), Lottia
conus (Test, 1945), Fissurella volcano (Reeve, 1849), and Fissurella rubropicta (Pilsbry, 1890).
Each species overlaps in range and occupies the rocky shore habitat in the high to mid-intertidal
zone. We focus on these species because of their diverse shell morphologies and colour patterns
on their dorsal and ventral sides. For example, Lottia conus has a variety of dorsal shell patterns

that can be described as “wavy”, “ribbed”, “speckled”, or “mixed” (Burdi, 2015; Ross, 2022).

The “true limpets”, which include the Lottia species, are in the subclass as
Pattelogastropoda, whereas the Fissurella species (keyhole limpets) are members of the
distantly related subclass, Vetigastropoda. We include Fissurella in this analysis because they
are ecologically and functionally similar to the true limpets and they live in the same rocky shore
habitat. But importantly, the shells of the Fissurella species are easily distinguishable by eye from
the Lottia species due to the distinctive keyhole found only in the Fissurelidae family. Therefore,
we expect the heatmaps to also focus on this shell difference when making predictions on which
genus a specimen belongs (Lottia versus Fissurella) and have high accuracy scores. If true, it will
give us confidence that the models are focussing on important morphological differences for

distinguishing between taxa.
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Species level identifications within both genera are more difficult, and therefore, more
challenging for both human and CV-based methods of identification. For example, authors have
observed multiple cases of misidentifications of F. volcano with F. rubropicta (and vice versa) in
museum collections and L. strigatella and L. conus each have their own history of taxonomic
confusion (Simison and Lindberg, 2003; Burdi, 2015). The Lottia species can sometimes be
difficult to tell apart as they are both relatively small, have highly variable shell patterns, and live
within the same microhabitat (on top of rocks or as epibionts on other shells in the high to mid-
intertidal). By applying CV and heatmaps to digital images of the shells of these species, our
broader aim is to help solve these classification problems while also identifying shell
characteristics that researchers can use to distinguish species, both in the field and in museum
collections. To this end, we have trained CV models on specimens with confirmed species
identifications (using DNA barcoding) and calculated model accuracies for making correct
predictions. We compare the results of the CV models with expert identifications of the same
specimens (without prior knowledge of the model results). We then used expert opinion to
determine if the heatmaps focused on important or unique morphological features that may be
useful for identification purposes. Finally, we asked the experts to view incorrect predictions and

provide interpretations as to why these were made.

2.3 Methodology

2.3.1 Field Sampling and DNA Barcoding

Four species were selected for this investigation: Lottia conus, Lottia strigatella, Fissurella
volcano and Fissurella rubropicta. These species are co-distributed in the mid to high rocky
intertidal zone along the Pacific coast of the Baja California peninsula (Mexico). Specimens were
sampled from the field at sites spanning the peninsula, from ~23-30°N. Limpet specimens were
fixed in 70% ethanol in the field and transferred to absolute ethanol in the laboratory. To confirm
species identification, DNA was extracted from foot tissue using the DNeasy Blood and Tissue Kit
following the manufactures instructions (Qiagen). For all species, we amplified a ~630bp
fragment of a section of mitochondrial Cytochrome Oxidase Subunit | (COI) gene and sequenced
on an ABI 3730 DNA Analyser at the Natural History Museum, London (UK). Total specimen
numbers: L. strigatella = 158, L. conus = 120, F. volcano = 82, and F. rubropicta = 70. Pairwise
sequence distances within each group were calculated and a neighbour joining tree was
performed in MEGA (Tamura et al., 2021) to confirm the monophyly of each species. Pairwise

distances within each group are small and range from 0.05 (Lottia conus) to 0.00 (Fissurella
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rubropicta) and monophyly of each species was confirmed. Further, we used BLAST searches to
match sequences to species on the NCBI database. Fissurella volcano and Lottia strigatella are
on the NCBI database and our sequences matched with a percent identity of >97%. Lottia conus
sequences were matched (>95%) to sequences obtained from Dawson et al. 2014. There are no
published COI sequences of Fissurella rubropicta, but the very low pairwise distances between
specimens within this group (see above) and its clear divergence from F. volcano sequences
(77%) gives us high confidence of the identity of this species for our models. Correctly labelled
data are essential for creating accurate and un-biased training datasets and to assess the
accuracy of model results (Radsch et al., 2023). We use DNA barcoding, but if available,
researchers could also use expert identification from taxonomists to confirm species identity (or
a combined approach). Further details of the molecular methods of each species and GenBank

accession numbers are in Zarzyczny et al. (under review).

2.3.2 Dataset construction

High-resolution images of the dorsal and ventral sides of the shells of each specimen were
captured using an Olympus SZX10 microscope. To optimize image quality, a focal step function
was implemented, and a black velvet backdrop was used to minimize background interference.
Images were taken in aroom with controlled lighting to allow for uniformity. In total, siximage sets
were created. Four models examined species vs species differences and two examined genus vs
genus differences. These were as follows: Dorsal L. conus vs L. strigatella; ventral L. conus vs L.
strigatella; dorsal F. rubropicta vs F. volcano; ventral F. rubropicta vs F.volcano; dorsal Lottia vs
Fissurella; and ventral Lottia vs Fissurella. Therefore, each model was made up of two classes.
The models were designed to learn features from visual data inputs (the images) through a

computational training process, resulting in predictions based on the learned features.

The images in each class were divided into three groups: training, validation, and test. The
training images were used to train the model, the validation images were used for self-verifying
and updating model weights during the training process, and the test images were reserved for
the final evaluation of the model performances. Due to the limited number of specimens
available, models may struggle to train effectively due to a lack of data to identify unique features.
To address this issue, we employed image augmentation, a technique that generates artificial
images based on the original stock. This has been shown to improve model performance when
faced with such situations by creating a larger stock of images, but where the desired features

remain unique and non-repeated (Perezand Wang, 2017; Xu et al., 2023). To preserve the integrity
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of the specimens' morphology, we chose augmentations that did not alter their colour or shape.
We utilized a range of random flips (vertical and horizontal), two rotations functions (a fixed 90°
clockwise or anticlockwise and a separate clockwise or anticlockwise rotation, up to a maximum
of 899, and a zoom out (decreases the size by a maximum of 10%). Each of these were set with
an 80% probability of being selected and programmed to not create duplications. Before any
augmentation was applied, 20 images from each class (i.e., 40 images in total per model) were
randomly selected from each image set and set aside as the test set. The test set must remain
neutral, un-augmented and unseen by the model. 20 images from each class were randomly
chosen and used as the validation set. These 20 validation images were augmented to a
combined total of 400 images. The remaining images in each class were used for training and
were augmented to a combined total of 3000 images. Overall, each model would contain 6000

training images, 800 validation images and 40 test images.

2.3.3 Computer vision model

We used a high-specification workstation equipped with an NVIDIA GPU with TensorFlow and
Python programming. The image classification technique, which consisted of a CNN, was
deemed the most appropriate for this scenario. The VGG16 CNN algorithm (Simonyan and
Zisserman, 2014) with custom top layers and transfer learning using the ImageNet dataset, was
employed. Models were tuned using KerasTuner to find optimum hyperparameter and learning
rate (Joshi et al., 2021). They were initially trained for three epochs. Afterwards, all models were
fine-tuned by unlocking previously trained layers starting from layer 11, and each model had a
final learning rate set lower than its original (initial learning rate/10) and continuously trained until
the modelvalidation accuracy plateaued. The time taken for the model development (training and
validation) and testing phases for each model were noted for comparison with the expert

classification (see below).

2.3.4 Model and expert identifications: evaluation and comparisons

The experts visually identified the same test sets of images for each model but with the species
labels removed and with no prior knowledge of model results. They also kept track of how long it
took to go through the dataset. Expert accuracy scores were then compared to the confirmed
species identifications based on the barcoding results. They were subsequently compared to the

prediction accuracy scores for each CV model. Further, the incorrect predictions for specimens
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foreach method (expert versus CV model identification) were compared to look for any congruent
patterns (e.g., do both methods misidentify the same specimens?). The accuracies for both
methods of identification (model versus expert) were calculated as the proportion of the correct
predictions out of the total number of possible predictions. Accuracies are therefore scored
between 0 - 100%, with 100% being a perfect score. The model and expert predictions were
further evaluated using a bootstrap analysis to create a 95% confidence interval on the accuracy
scores (resampling single specimen predictions with replacement 10,000 times). Overlap in 95%
Cl was used to judge if there were significant differences between expert and model predictions.
Differences in the time taken to make predictions between the expert and the models were also
noted. In addition, for each specimen that was incorrectly identified, the experts made a post-
hoc judgement as to why they thought an incorrect identification was made and whether the

models and experts made the same mistakes.

2.3.5 Heatmap evaluation

The Gradient-weighted Class Activation Mapping (GradCam) system (Selvaraju et al., 2016) was
selected to create heatmaps for each specimen image in the test datasets. GradCam is a
technique used in CV to understand which parts of an image influenced a DL model decision. It
works by analysing DL model activations and gradients to create a heatmap that highlights the
important regions in the image. This heatmap helps us see what the model focused on when
making its prediction. The heatmap images of each specimen in the test datasets were then
shown to the experts to help evaluate which features of the shell, if any, were used to make
predictions. Both experts are limpet ecologists (PBF and KMZ) that use visual cues to determine
species identification of Baja Peninsula limpets, often using digital images of shells taken in the

field.

To further evaluate the use of heatmaps to distinguish between classes, we compared the
intensity values between each class per model. When the heatmaps are produced, a value is
assigned to each pixel depending on how strongly a particular pixel contributes to the
classification decision made by the model. The higher the intensity score of a pixel, the more
significant its contribution to the predicted class. These values are then summed up to produce
the overall heatmap intensity value per specimen. Although the value itself cannot tell us what
part of the shell is being used for prediction, significant differences in overall heatmap intensity
values between classes might be evidence that the models are using different features of each

class to make predictions. Comparisons in the mean difference of heatmap intensity values
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between each class per model were evaluated using two sample Wilcoxon tests (due to violations

of normality for some models).

2.3.6 Pairwise Model justification

Pairwise (one-versus-one) classification models were used rather than a single multiclass
model to support clearer interpretation of classifier behaviour. Decomposing classification
problems into focused pairwise contrasts has been shown to simplify decision boundaries and
reduce ambiguity when analysing model outputs, compared with aggregated multiclass
formulations (Hand and Yu, 2001). From an interpretability perspective, explainable artificial
intelligence approaches emphasise the value of local, class-specific explanations, which are
more readily obtained when models are trained to discriminate between two focal classes
rather than across a larger pooled label space (Ribeiro et al., 2016). The use of pairwise models
therefore provides a more interpretable framework for examining which morphological regions
contribute to discrimination between specific species, while retaining comparable

classification performance to multiclass alternatives.

24 Results

241 Final model and expert accuracies
Accuracy scores of all trained models with 95% confidence intervals in brackets
Model Expert Accuracy Computer model Accuracy

Model 1: Dorsal Lottia vs Fissurella 100% [100, 100] 100% [100, 100]

Model 2: Ventral Lottia vs Fissurella 100% [100, 100] 100% [100, 100]

Model 3: Dorsal L. conus vs L. strigatella 95% [87.5, 100] 95% [87.5, 100]
Model 4: Ventral L. conus vs L. strigatella 92.5% [82.5, 100] 97.5% [92.5, 100]

Model 5: Dorsal F. rubropicta vs F. volcano 97.5% [92.5, 100] 95% [87.5, 100]

Model 6: Ventral F. rubropicta vs F. volcano 100% [100, 100] 100% [100, 100]

Table 1. Accuracy scores of all trained models with 95% confidence intervals in brackets

The models and experts produced highly accurate results (Table 1). Overall, the models only

incorrectly predicted five images (out of 240), for an overall accuracy score of 97.9%. The experts
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also performed well overall, with only six images incorrectly predicted (out of the same 240
images), for an overall accuracy score of 97.5%. Both produced a 100% correct prediction rate
using the test sets from models 1, 2 and 6. The experts’ worst performance was with the test set
from model 4 with an accuracy score of 92.5%. The models’ worst performance were models 3
and 5, with an accuracy score of 95%. The 95% confidence intervals overlap for all models,
suggesting a non-significant difference between model and expert identification of limpet shells.
The experts performed the predictions on all the test images in 59 minutes while the models

predicted their respective test images sets in less than 6 seconds (~25s in total).

2.4.2 Heatmaps and expert interpretation

After the heatmaps were shown to the experts, they confirmed the following: Across all six
models, all the heatmaps were focussed on the specimens (except for one image within model 1
within the Lottia class). Across all six models, all heatmaps appeared to be focussed on specific
areas of the shells (except for the same one image in model 1). Heatmaps often focused on a
single area of the shells while others focused on multiple features. These features were often
common across allimages within each respective class (e.g., for the Fissurella class in the genus
models 1&2, the focus was always on the keyhole). To review which features were highlighted
most frequently, we tallied the responses within the comments made by the experts. For
example, if a shell feature/area was focused on in all images from a single class, it would equal

20/20.
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24.21 Expert opinion: Model 1

Figure 1. Model 1: Dorsal Lottia vs Fissurella.

For the Fissurella images (Fig. 1A — D), 20/20 heatmaps focused on the keyhole. For the Lottia
images (Fig. 1E - H), 19/20 heatmaps focused on patterns around the shell margin. One heatmap
focused its attention around the outside of the shell rather than on it but was still correctly
predicted as Lottia. It was noted that the specimens within the Lottia class had a high degree of

variable shell patterns and morphology.

2.4.2.2 Expert opinion: Model 2

Figure 2. Model 2: Ventral Lottia vs Fissurella.
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Forthe Fissurellaimages (Fig. 2A-D), 20/20 heatmaps focus on the keyhole. For the Lottiaimages
(Fig. 2E-H) 19/20 focused on the areas within the muscle scar and not on the shell margins, while

1/20 focused on the muscle scar to the shell margin.

2.4.2.3 Expert opinion: Model 3

Figure 3. Model 3: Dorsal Lottia conus vs Lottia strigatella.

For the L. conus images (Fig. 3A — D), 20/20 heatmaps focus on the ribbing pattern on the shell,
but not on the apex. For the L. strigatella images (Fig. 3E — H) 17/20 heatmaps focused on the

apex, while 3/10 focussed on patterns around the apex.
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24.2.4 Expert opinion: Model 4

Figure 4. Model 4: Ventral Lottia conus vs Lottia strigatella.

Forthe L. conusimages (Fig. 4A-D), 19/20 heatmaps focus on the area between the muscle scar
and the shell margin. 1/20 focused on a very small portion of the shell margin, however, this shell
was noted as containing no pattern and was predicted incorrectly (Fig. 7). For the L. strigatella
images (Fig. 4E-H), 20/20 heatmaps focused on areas of the shell margin which is often bordered
by a dark or mottled band. Additionally, 2/20 also focused on the centre of the interior portion of

the shell within the muscle scar.
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2.4.25 Expert opinion: Model 5

Figure 5. Model 5: Dorsal Fissurella rubropicta vs Fissurella volcano.

For the F. rubropicta images (Fig. 5A — D), 20/20 heatmaps focus on the ribbing pattern on the
shell, but not on the keyhole. It was noted that some of the shells were highly eroded but the
heatmap still focused on any remaining ribbing patterns. For the F. volcano images (Fig. 5E — H)
20/20 heatmaps focused directly on the keyhole. It was noted that the keyhole shape between

the two species is different.; F. rubropicta is more lemniscate while F.volcano is ellipsed.

2.4.2.6 Expert opinion: Model 6

Figure 6. Model 6: Ventral Fissurella rubropicta vs Fissurella volcano.
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For the F. rubropicta images (Fig. 6A - D), 20/20 heatmaps focus on the area between the muscle
scar and callus (which usually contains a deep red colour) but not on the shell margin. For the F.
volcano images (Fig. 6E — H) 18/20 heatmaps focused on the margin. 2/20 focused on the margin

and on the interior of the shell.

2.4.2.7 Incorrect model predictions and expert interpretation

(MODEL)

- '_”

(EXPERT) (EXPERT) (EXPERT)

Figure 7. All incorrect model and expert image predictions.

All incorrect model predictions and all incorrect expert predictions (Fig. 7) were shown to the
experts who were asked to provide an opinion on what morphological features may have caused

the misidentification.

2.4.2.71 Expert opinion: Incorrect model predictions

The F. volcano specimen in Figure 7A was incorrectly predicted by both the model (model 5) and
the experts (both incorrectly predicted it as F. rubropicta). Experts determined that this specimen
has ribbing patterns normally associated with F. rubropicta. Experts were convinced they were
correct but after visualinspection of the ventral side and a correct prediction by the ventral model
(6), they concluded that this may just be an outlier individual with dorsal characteristics of both
species of Fissurella. In image B, the F. rubropicta specimen was incorrectly predicted by model
5asF. volcano. Experts determined that this specimen displayed features that they would expect
from F. volcano as it has less defined ridging. Image C, an L. conus specimen was incorrectly

predicted by model 3 as L. strigatella. This same specimen was also incorrectly predicted by the
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experts. Upon subsequent inspection, the experts determined that the morphological features of
this specimen are not typically associated with L. conus such as not having a banding pattern and
the shell pattern is more stippled, which they often attribute to L. strigatella. Image D, an L.
strigatella specimen was incorrectly predicted by model 3 as L. conus. The experts determined
that the shell is highly eroded and very little morphological information can be used to make a
prediction. Image E, a L. conus specimen was incorrectly predicted by model 4 as L. strigatella.
Experts determined that it also has very little pattern and largely monochromatic, making it

difficult to identify.

2.4.2.7.2 Expert opinion: Incorrect expert predictions

Images A and C were incorrectly predicted by both the models and the experts, with reasonings
outlined above. Image F is a dorsal view of an L. conus specimen that was incorrectly predicted
by the experts as L. strigatella. On reflection, experts commented that they can see some clear L.
conus morphological features (clear banding pattern) and were unsure how they incorrectly
predicted the specimen initially. Image G is a ventral view of an L. conus specimen that was
incorrectly predicted by the experts as L. strigatella. Again, on reflection, experts determined that
they could see L. conus features (ribbed margin) and were unsure how they incorrectly predicted
the specimen. Image H is a ventral view of an L. strigatella specimen that was incorrectly
predicted by the experts as L. conus. On reflection experts determined that the banding pattern
around the margin is a feature they would usually associate with L. conus, making this specimen
a difficult one to predict (but was correctly predicted by the model). Image | is a ventral view of a
L. strigatella specimen and was incorrectly predicted by the experts as L. conus. Experts
determined that the pattern on this specimen is unusual and is displaying a tortoiseshell pattern

that they could attribute to both Lottia species (the model predicted this specimen correctly).
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2.4.3 Heatmap intensity values
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Figure 8. Boxplots showing heatmap intensity values for all models.

Forthe heatmap intensity values, all models showed a significant difference (P<0.05; two sample
Wilcoxon tests) in the mean values between each class (Fig. 8). For both genus models (1&2), the
Fissurella values are much lower and with a smaller range of values than the Lottia values. For
the species comparisons (Fig. 8), both the dorsal and ventral views for the Lottia models (3&4) are
higher, on average for L. strigatella than L. conus. Likewise, the values for F. rubropicta are on

average higher than F. volcano.

2.5 Discussion

2.5.1 Computer vision-based limpet identification

The use of CV to help distinguish between species is starting to gain traction amongst ecologists
and taxonomists (Waldchen and Mader, 2018;Greeff et al., 2022;Hollister et al., 2022). However,
few have attempted to pair CV models with heatmaps to help visually distinguish between
species with high morphological variability. Limpets, including those species used in this study,
can have multiple colour morphs and shell patterns due to several different ecological and life

history factors, including substrate type, age, and patterns of shell erosion (Bird 2011; Williams,
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2017). It is therefore not uncommon for field ecologists and museum curators/taxonomists to
make mistakes in species identification. To help assist identification, our CV models performed
very well and the heatmaps largely focus on shell areas that are putatively morphologically
informative between genera and species. These interpretations should be treated as hypothesis-
generating, as heatmaps visualise regions of model attention rather than providing direct

evidence of causal morphological mechanisms.

When considering the genera, the models achieved 100% predicted accuracy for the dorsal
and ventral orientations (models 1 and 2 respectively). Previous research has shown that higher
taxonomic levels tend to score greater than lower levels with computer-based classification
problems (Hansen et al., 2020). This is most likely due to having more unique images and having
a larger selection of features to associate to each respective class, both of which are shown to
improve the performance of CV models (Shorten and Khoshgoftaar, 2019). This follows general
taxonomic identification procedures, where higher taxonomic levels are more easily
distinguished (Hennig, 1966). It is important to recognise that all Fissurella species have a
distinctive keyhole in their shells, whereas true limpets (including Lottia) do not. This is a very
clear method of distinguishing the two by eye and the high genus level accuracies evidence this
through perfect model performance. This is further supported by the heatmap analysis which
clearly shows that the models are focussing on the keyhole of all Fissurella specimens within
both models. When viewing the Lottia specimens, the heatmaps are looking at different areas of
the specimens, which is reflective of the varied morphology of Lottia. When viewing the heatmap
intensity values (Fig. 8), the Fissurella class have a much lower mean and spread of values, while
the Lottia class has a much higher mean and spread of values. This shows that the models utilise
much less visual information to determine the Fissurella class while requiring a lot more
information to determine the Lottia class. The experts commented that the keyhole, or a lack of,

would be their defining feature to classify either class.

The species vs species models achieved more variable, but still highly accurate results. The
ventral oriented models performed better than the dorsal oriented models across both species’
groups. The Lottia ventral model (model 4) performed slightly worse (achieving a prediction
accuracy of 97.5%) than the Fissurella ventral model (model 6), which achieved a prediction
accuracy score of 100%. However, the Fissurella dorsal model (model 5) and the Lottia dorsal
model (model 3) performed equally well (95%). We believe this slight difference in performance
between the ventral and dorsal orientations lies in the fact that the dorsal sides will incorporate
many factors that can alter appearance, such as erosion and encrusting symbionts that can cover
the shell, all of which would hinder the accuracy of CV models. However, the ventral side remains
hidden and protected from physical elements. Thus, the ventral side may provide a clearer

picture of the differences between species and therefore provide maximum identification
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opportunities for the CV models. Although this option is not preferable for field identification as
the body tissue would need to be removed from shells. Dry shell collections of museum
specimens or those collected for other purposes (e.g., population genetics) however, could
benefit from the use CV on the ventral and dorsal shell for identification. Again, the heatmap
intensity values for the species-based models showed significant differences between each
class per model. This suggests that the models found morphological features or areas of similar
importance within each class when making their respective predictions. We believe this type of
assessment could help reinforce the decision made by CV system. For instance, if a prediction
does not fitinto a known boundary of heatmap intensities for a given class, then it could either be
ruled as incorrect or could, at the very least, warrant further investigation, either by revisiting
visually by an expert or by molecular means. The heatmap intensity values for the incorrectly
predicted specimens (n=5) tend to be lower than the values for the correctly predicted specimens

(n=235).

2.5.2 Expert identification and comparison to model performance

Experts performed marginally worse (by one specimen) than the model predictions when
considering all images used for the test datasets (n=240). The experts achieved 100% on the
genus-based models (models 1 and 2) and the ventral F. rubropicta vs F. volcano (model 6) which
is equal to the model performance. The experts performed marginally better on model 5 by 2.5%,
performed equally on model 3 and performed worse on model 4. These small differences however
are not significant (Table 1). What is striking is the difference in time it takes for the experts and
models to make their predictions. It took the experts on average 10 minutes to identify each test
set (59 minutes in total) while each model could process their respective testimages in less than
6 seconds (25 seconds in total). The experts combined years of limpet-based experience in the
study region totals over 22 years, having viewed countless specimens to achieve their personal
knowledge base. In contrast, each model used no more than 158 unique images and was created
in less than 5 minutes of training time. Therefore, the sheer speed at which CV models can make
accurate predictions is one of its primary advantages. This comparison reflects inference time
only and does not include the time required to acquire specimens, generate and label training
data, or develop and train the models. It therefore illustrates relative identification speed once
systems are operational, rather than the total investment required to deploy a computer vision

workflow.

The more unique images that are available for training, then the better the performance of

the finished model (Shorten and Khoshgoftaar, 2019). However, at the time of the project, a
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limited number of specimens were available to create the models, so itis highly likely that if more
uniqgue images were available (e.g., from confirmed museum specimens) then we believe that
subsequent models could perform even better than those achieved within this project.
Interestingly, when viewing the incorrect predictions by themselves, the experts felt that some of
their incorrect predictions were a result of human error. A typical downside of the human
condition is that performance can decrease due to fatigue or many other cognitive and physical
conditions (Mallis et al., 2004), which computers do not suffer. Thus, in the future, we envision
that many thousands of specimens can be fed into similar models for identification purposes
(e.g., for bulk field collected specimens or un-catalogued museum accessions), alongside

confirmation and quality control from expert taxonomists and molecular ecologists.

2.5.3 Heatmap production and expert interpretation

The heatmaps were found to almost always focus upon the specimens, regardless of the model
or class. This is a good indicator that the models trained effectively despite the relatively low
number of unique images. After the heatmaps were shown to the experts, it was agreed that
almost all were focussing on parts of the shell considered to be morphologically important.
Occasionally, models focussed on a singular feature, whilst other times they would focus on
multiple features. Neither outcome could be considered incorrect. When visually identifying
specimens, a human would use a variety of features to make a final decision. However, with
cryptic or highly variable species (e.g., some limpet species), the number of defining features is
likely to be limited and/or variable among specimens. For instance, the dorsal orientation of L.
conus vs L. strigatella can appear similar (model 3), with only a couple of shell characteristics
that can be used to distinguish them by eye. In addition, the dorsal side of both shells can be
highly eroded making species identification more difficult when only viewed dorsally (e.g., as they
are in situ). Regardless, the heatmaps for model 3 appeared to find consistent morphological
differences between the species. The L. conus heatmaps mainly focussed on the shell patterns
around the apex and looking at shell patterns, while the L. strigatella heatmaps mainly focussed
on apex itself. The apex on the dorsal shell of L. strigatella is often highly eroded (Keen, 1971),
more so than on L. conus. The apex is the oldest part of the limpet shell, and therefore it is often
the most eroded. It is therefore possible that the pattern of shell erosion on the apex is different
between the two Lottia species, which may reveal differences in their internal shell structures or

microhabitats (Day et al., 2000), but this has not yet been studied in these species.

Again, there are consistent differences between the Lottia species on the ventral sides of

their shells. The heatmaps mainly focussed on the area between the muscle scar and the margin
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areas of the ventral sides of L. conus shells. Whereas on L. strigatella, focussed on the margin
perimeter which often contains a dark band. The dorsal orientations of F. rubropicta vs F. volcano
(model 5) heatmaps displayed consistent differences. The F. rubropicta heatmaps consistently
focussed on the area around the keyhole/callus, but not on it, while the F. volcano images
consistently focussed on the keyhole. The F. rubropicta specimens have more pronounced
ribbing on their shells, which the heatmaps appear to focus on. Whereas F. volcano shells are
smooth with black/reddish rays. These shell differences may be related to their microhabitat
differences: F. volcano are usually found underneath rocks and in sheltered crevices (Morris et
al., 1980) while F. rubropicta are exposed and found on top of rocks (PBF and KMZ personal
observations). The smooth shells of F. volcano are more suited to life underneath rocks and in
crevices, whereas the heavy ribbing of F. rubropicta likely helps reduce water loss (due to higher
surface area) during long periods of aerial exposure. Again, the ventral orientation of F. rubropicta
vs F. volcano (model 6) heatmaps displayed consistent differences. The F. rubropicta
consistently focused on the area within the muscle scar and around the callus, while the F.

volcano consistently focused on the margin which usually contains a dark band.

254 Future considerations

For CV models to be robust, images of accurately identified specimens are required for training
purposes. To do this, we relied on DNA barcoding to confirm the species level identifications of
the training dataset and to evaluate the accuracy of the test dataset identifications from both the
CV models and experts. All specimens were therefore already identified to species level prior to
developing the CV models. However, molecular work can be expensive and time consuming. To
reduce costs and time, the workflow could be adjusted where only the training dataset are
barcoded, and then a smaller sub-sample of specimens in the test dataset could be barcoded to
statistically assess the accuracy of the models. Ultimately however, the more specimens that are
available for training purposes, the more accurate the model results. If large datasets of
confirmed and standardized training images are made publicly available for the known species in
a studyregion, then future researchers could use them to supplement their own training datasets.
In particular, we need more training images of the dorsal side of limpet shells, as they are

primarily used for field identifications.

More research is also needed to help interpret the utility of heatmaps for understanding
ecological questions related to limpet shell morphology (Bird, 2011; Hamilton et al., 2020). With
more robust training datasets per species from multiple populations, age/size ranges, and

habitat types, we may be able use heatmaps to help decipher if and how shell morphology varies
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intra-specifically over local to regional scales. For example, the intensity and location of
heatmaps may differ based on factors such as: microhabitat, population, size/age, and region.
We can then use this information to shed new light on how and why limpet shells have such high

morphological variability (Giesel, 1970).

2.6 Conclusion

This project demonstrates the effectiveness of using CV in identifying limpets based on images of
their shells. Despite the variable shell morphologies and colour patterns within and between
species, the CV models were able to classify them to genus (100%) and species level (95% -
100%) with high accuracy and quickly, even with small datasets. The use of heatmaps confirmed
that the models were focusing on the limpet shells, and when reviewed by expert taxonomists,
they agreed that the heatmaps highlighted significant and unique morphological features foreach

genus and species.

Typically, DL models are considered as ‘black box’ systems due to their complex decision-
making processes and the ‘impossibility’ of truly understanding how these types of systems
come to their final conclusions. However, the use of heatmaps offers a means to understand how
CV makes its decisions. The results show that the models can differentiate between visually
similar species or those with high morphological variability, and that they utilize unique
morphological features to distinguish them. In the future, we envision this type of system being
used by taxonomists as a tool to assist them in identifying important or new morphological
features to help distinguish between visually similar and cryptic species. Additionally, similar
methods could assist with field identification of limpets and potentially replace the need to
collect numerous specimens purely for identification purposes. Computer models, once trained,
require far less computation power to perform identifications, and most can be uploaded and

used from a modern mobile phone.

It is important to consider the strengths and limitations of CV models for identification
purposes. No single method is perfect, but combining the strengths of CV, molecular methods,
and human expertise will allow us to gain new insights for taxonomy and ecology. Not only for

limpets, but for all of biodiversity.
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3.1 Abstract

NHCs are essential for biodiversity and evolution research and for studying biotic responses to
global change. However, the numbers of specimens within NHCs pose management challenges.
Reduced funds, declining taxonomic training, and expanding collections can lead to mislabelled
or missing specimens. This highlights the need for innovative and non-destructive methods of
taxonomic verification for specimens in large collections. While genetic analyses offer precise
verification, they are resource-intensive and less effective on degraded DNA from older
specimens, with risks of damage to smaller specimens. CV can automate tasks such as species-
level verification and morphological examination, though these techniques have yet to be
incorporated and utilised by NHCs for such management tasks. Digitisation initiatives, such as
those at the NHM, London, have gained momentum in recent years, converting specimens to
digital formats and enhancing global accessibility. Here, we describe a CV pipeline applied to the
digitised British and Irish Lepidoptera collection at the NHM. Specifically, our pipeline identifies
specimens that do not match their labelled species status. The pipeline was executed for 100

runs for the Butterfly and Moth datasets, resulting in 99,350 out of 350,208 specimens (28.37 %)
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being flagged at least once. We attribute a portion of these as pipeline errors, given the likelihood
of some mislabelled specimens within training datasets. However, specimens flagged
consistently across > 80 % of pipeline runs are likely mislabelled within the collections.
Taxonomic experts visually examined 210 such specimens, finding 145 to be incorrectly labelled
in the collection or the NHM data portal. Additionally, 30 specimens were sent for genetic
verification to confirm species-level identification. This synergy of CV and genetic-based species
identification enhances the accuracy and efficiency of managing NHCs, preserving their value for

future generations.

3.2 Introduction

NHCs are essential datasets for much of modern-day ecology and evolution research (Popov et
al., 2021), including as baseline data for documenting biotic response to global change (Wilson
et al., 2023). With the recent push towards massive digitisation efforts by NHMs, NHCs have
become ever more accessible to researchers, educators, and the general public. However, with
more researchers accessing large digitised NHCs (Hardy et al., 2023), it becomes increasingly
important to ensure that specimen label information is accurate (e.g., species name). But finding
and correcting specimen label errors within large NHCs is resource-intensive and time-

consuming.

The curation, upkeep, and maintenance of access to NHCs are major challenges for
museums. For example, funding and staffing have not kept pace with the expansion of
collections, leading to shortcomings in management and care of these critical resources (Paknia
et al., 2015). Adding to these challenges is the decreasing reliance on traditional morphological
identification methods, due to a decline in the number of taxonomic specialists, resulting from
an ageing expert base and a lack of incoming specialists. As expertise in visual morphological
identification decreases, maintaining the accuracy and integrity of these extensive collections
becomes increasingly challenging (Godfray, 2002, Bik, 2017). One of the unavoidable
consequences of these challenges is the generalreduction in time and expertise dedicated to the
maintenance of collections and specimen label information; including the time needed to
properly curate an increasing number of new specimens deposited at museums. This can result
in out-of-date taxonomic information, missing or illegible labels, incorrect species identification,

and/or errors in database entry.

The exact number of mislabelled specimens or other label errors is hard to define and will

be collection dependent. Some groups have been well studied and kept up to date, with rich
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histories and knowledge associated with them (Salmon, 2000), while others can be severely
lacking in knowledge and expertise. For instance, a recent study found that 58% of tropical plant
specimens they reviewed were misidentified and estimated that 50% of all tropical plant
specimens are likely to be mislabelled within NHCs (Goodwin et al., 2015). The authors indicate
that this is due to the large influx of specimens deposited since 1970 and the lack of taxonomic
experts with the knowledge base required to classify them. Regions in the tropics and developing
countries, characterised by high biodiversity and complex environments have historically been
under sampled, leading to a lower knowledge base associated with them compared to other
areas (Moura and Jetz, 2021). NHCs also hold the exciting possibility of containing undiscovered
species (Parsons et al., 2022). These species may be hidden under incorrect labels or overlooked
because of their scarcity and strong morphological resemblance to known species. The minor
differences distinguishing these species can be difficult to detect through standard examination,

especially when they are closely related (i.e., cryptic species).

All the above underscores the need for accurate identification methods in collections,
whether for curatorial purposes or biodiversity discovery. Modern methods for species
identification, like genetic analysis, offer accuracy but come with high resource demands
(Shendure et al., 2017). Applying genetic analysis to entire larger collections could lead to
astronomical expenses and extensive time requirements. Moreover, the DNA in historical or dried
specimens is often degraded thus providing less information than that of fresh or well-preserved
samples and requires more robust genetic-based examinations (Marincek et al., 2022, Molbert et
al., 2023, Rayo et al., 2024). Furthermore, many historical specimens are deemed to be too
important for destructive sampling. As such, extracting DNA from these specimens is not always
viable. In addition, many museums have embarked on the mass digitisation of their collections,
a step that serves multiple purposes (Hardy et al., 2023). Digitisation not only preserves the
physical integrity of specimens but allows them to become readily available for researchers
across the globe, fostering wider collaboration and analysis, significantly enriching our

understanding of biodiversity and natural history.

In parallel to the mass digitisation of collections is the major advancement of Al which
has the potential to revolutionise the way collections are analysed and utilised (Groom et al.,
2023). In particular, CV methods can be used for rapid species identification (Hollister et al.,
2022), pattern recognition, and morphological analyses (Hollister et al., 2023). The careful
coupling of CV with digitised NHCs can bring unprecedented efficiency, accuracy and speed to
species identification, which is a core component of collections management and museum-

based research.
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Beyond verification, CV opens a myriad of possibilities for diverse research projects,
ranging from tracking phenotypic changes with temperature (Wilson et al.,, 2023) to
understanding complex ecological interactions (Johannes et al., 2024). The integration of CV into
natural history research could not only streamline labour-intensive processes of verifying the
integrity of the organisation of collections but also paves the way for innovative methods of
exploring and interpreting the vast datasets these collections represent. As Al continues to
evolve, it promises to unlock new dimensions of knowledge and collaboration in the study of
biodiversity (Karbstein et al., 2024, Borowiec et al., 2022, Seeland et al., 2019, Waldchen and
Mader, 2018). A CV-based system or assistive tool could help alleviate some of the burden of
managing large NHCs by scanning large collections of digitised specimens at high speeds,

highlighting discrepancies leading to a streamlined and more accurate verification processes.

One of the first massive digitisation projects was the ‘iCollections’, a programme
undertaken by the NHM, London to digitise its collections of British and Irish butterflies (Paterson
et al., 2016). The data captured includes species name, georeferenced location, collector, and
collection date, along with a digital image of each specimen and a scale for size reference. This
initiative is part of a broader NHM programme to digitise its vast collections, comprising
approximately 80 million specimens and objects. The iCollections data have been used to
address various scientific questions, such as how climate warming might affect species
distribution, phenology, and body size (Wilson et al., 2023, Fenberg et al., 2016, Garner et al.,
2024, Blagoderov et al., 2017). The digitised data has been made publicly accessible through the

NHM data portal, offering valuable resources for researchers, conservationists, and the public.

Our research is focused on developing an advanced image classification pipeline
specifically engineered to identify incorrectly labelled specimens at the species level within the
iCollections. Utilising our pipeline, we can detect instances where specimens, presently labelled
as one species, are consistently predicted by the system to belong to a different species. These
flagged specimens are then organised and presented for a streamlined visual verification process
by collection staff. In scenarios where a definitive determination remains inconclusive, we
integrate more traditional methods such as reviewing ecological data associated with specimens
(sample location, collector, and/or the geographic range of specimen) and when a conclusive
answer is unable to be obtained, we utilised molecular methods to ascertain final verification.
This blend of Al-driven analysis and more traditional techniques not only streamlines the
verification process but also significantly contributes to the integrity and reliability of NHCs in the

ever-evolving landscape of biodiversity.
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3.3 Methodology

3.3.1 Data set creation and image preprocessing

The iCollections dataset comprises the British and Irish Lepidoptera (Lepidoptera Linnaeus,
1758) collections housed at the NHM. We split the collection into the butterflies and moths. Both
groups were filtered to only include species where the total number of specimens was equal or
greater than 400 per species, allowing for a sufficient number to train (250 images), validate (50
images) and run inference with the remaining images (=100). Low numbers of training specimens
have been shown to result in poor CV performance (Xu et al., 2023, Buslaev et al., 2020, Shorten
and Khoshgoftaar, 2019). This threshold was not intended to be restrictive, but rather to ensure
sufficient sample size for stable model training and evaluation. The majority of taxa in the dataset
exceeded this threshold, and no taxa were excluded on biological grounds. The filtered butterfly
dataset comprised 59 species and atotal of 127,671 individual specimens while the moth dataset
comprised 283 species, with a total of 222,537 individual specimens. Both training and validation
images were synthetically augmented four times by the application of rotations, zooms and slight
brightening, thereby generating varied synthetic images; augmenting datasets in this manner has

been shown to enhance CV performance (Shorten & Khoshgoftaar 2019; Khalifa et al. 2022).

3.3.2 Model architecture and training procedure

We utilised aVGG16 (Simonyan and Zisserman, 2014) base with a custom selection of top layers,
totalling 26 layers. This model used the ImageNet weights for the initial foundational learning,
leveraging the pre-existing knowledge embedded within the base model. In the initial phase of
training, the VGG16 base was maintained in a locked state, focusing the learning process on the
custom top layers for a duration of five training runs. Then for the fine-tuning phase, the remaining
layers were unlocked except for the bottom 8 layers. This was allowed to run indefinitely but had
a strict ‘early stopping’ protocol that would cease training after 1 decrease in the validation
accuracy score and would save the best weights once finished. Furthermore, the
hyperparameters of the custom top layers of the model were optimised using the 'TF-keras-tuner'
library. The resultant optimum values obtained from this process were consistently applied
across all runs and across both moths and butterflies, ensuring uniformity and precision in our
approach. Additionally, all model runs were seeded with the same value to ensure reproducibility
and to initialise each model with identical starting parameters and neural network weights. This
would also mean that when a respective trained model is used for inference, it will always give

the same prediction results.
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3.3.3 Dataset cropping

Initial trials of the dataset and model architecture employed a heat-map-based class activation
mapping (CAM) system to verify that the neural network within the trained model utilised features
upon the specimens rather than to irrelevant background noise. The ‘Grad-CAM’ system was
selected for this purpose because it can visualise the pixels and regions that contribute most
strongly to the prediction of the model by scoring pixels and overlaying a heat-map colour system
based onthis score (Selvaraju et al., 2020). Hollister et al. (2023) showed that properly trained CV
models combined with heat-maps can highlight the morphological features that distinguish

closely related species.

During preliminary tests, many heat-maps concentrated on the specimen labels instead
of the insects themselves (Fig. 9A). To mitigate this, we implemented a separate preprocessing
pipeline using the YOLOvS8 object detection algorithm trained specifically to detect Lepidoptera
specimens (Sohan etal., 2024). The pipeline crops each image using the bounding boxes
returned during inference, thereby excluding most irrelevant background. Subsequent heat-map
analysis of these cropped images showed a model’s attention was now appropriately focused on

the specimens rather than on the labels (Fig. 9B).
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Figure 9. Example of heat-map attention on labels (A) vs directly on the specimen (B).
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3.34 Pipeline development
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Figure 10. Flow diagram showing the pipeline process.

Our pipeline identifying specimens that do not match their labelled species status is shown in
Fig. 10. The butterfly dataset comprised 59 species and the moth dataset 283 species, where
each species is one class (step 1). For every run of the pipeline, 300 images were sampled at
random from the full set of images for each class, of which 250 were reserved for training and 50
for validation (step 2). Then the images were augmented, and the model was trained and
validated (step 3). Allremaining images (109,971 butterfly and 137,637 moth) create the test set.
The trained model then performed inference on the entire test dataset using TensorFlow’s
Evaluation protocol. This assigned each test image the label with the highest confidence score
and compares it with the species label it is currently assighed to determine whether the

prediction was correct (step 4) and was recorded (step 5).

Steps 2 to 5 were repeated 100 times, each repetition sampling a fresh training and
validation subset (step 6). Because the test poolvastly exceeded the training and validation pools
required for an individual run, there is a probability that images appeared in the test set several
times. Across the 100 runs, the number of times the pipeline classified a specimen image as a
different species label from its current species label was counted. When this misclassification
was found to be designated as the same label on each of the trained models, this value was noted
and was designated the image’s ‘Reoccurring Prediction Value’ (RPV) (step 7). For example, if the
pipeline classifies a specimen as species A for each of the 100 pipeline runs, but its current

species label identifies it as species B, then it is assigned a RPV of 100.
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3.3.5 Human interrogation

Taxonomists specialising in morphological identification of Lepidoptera from the NHM, with a
combined expertise spanning over 50 years, were enlisted to help inspect specimens flagged by
the model. Specifically, they were tasked with looking at specimens that the model identified as
belonging to a species that is different from its current NHM species record. They were tasked
with visually inspecting specimens that were flagged by the pipeline from within the NHM

collections. They were told to verify specimens according to four options;

1. Labelled Wrong: The specimen was incorrectly labelled in the collection.

2. Pipeline Wrong: The pipeline made a mistake and incorrectly predicted a specimen as
different species to that which it was labelled as in the collection.

3. Portal Wrong: The specimen was correctly labelled in the collection, however, it was
incorrectly labelled as the wrong species (or not present) upon the NHM data portal

4. Unknown: The experts were unable to verify what the specimen was or that it was

currently inaccessible.

They also added notes to each specimen examined, noting what could have resulted in either of
the four choices. To visually inspect every specimen across the two groups would have taken a
very long time for the small team of experts. Therefore, it was decided to go through a sample of
the specimens with RPVs >80, allowing for a review of the most likely mislabelled specimens.
Additional specimens with RPVs <80 were also examined. The examinations were conducted over
4 sessions with an allotted time of 16 hours. This resulted in a total of 210 specimens being

examined.

3.3.6 Note standardisation

Notes and comments were standardised. Each specimen was assigned a visual-difficulty score

as follows:

1. Easy to verify with the naked eye.

2. Difficult, but not impossible, to verify.
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3. Difficult; required additional contextual information (e.g. sampling
location, date, or size relative to the predicted species).

4. Impossible to verify visually; referred for further confirmation.

3.3.7 Genetic verification

Specimens unable to be verified visually (category 4 above) were designated for genetic
verification. However, several additional specimens not in this category were selected to allow
for validation of the visual based verification conducted by the experts. DNA was extracted in a
dedicated historical DNA facility using the protocol outlined by Hall et al, (2023), with NGS library
building following the protocol detailed in Marsh et al. (2025), using the “Santa Cruz Reaction”
(Kapp et al., 2021) with the modifications of Nguyen et al. (2023). Libraries were shotgun
sequenced on an Illumina NovaSeq XPlus 25B lane with a commercial provider, targeting 5-10
million PE reads per specimen. The COX1 barcode gene was recovered using MitoGeneExtractor
(Brasseur et al., 2023) which uses exonerate (Slater and Birney, 2005) to map reads to a target
reference, in this case the closest reference sequence available on NCBI protein database along
with ~40 common contaminant sequences (i.e. bacteria, fungi, human, wolbachia) to help filter

out non-target reads.

3.4 Results

3.4.1 Pipeline results

The 100 butterfly model runs achieved a range of F1-scores between 0.9497 and 0.9267 and the
100 moth model runs achieved a range of F1-scores between 0.8486 and 0.8386. The F1-score is
the harmonic mean of precision and recall, and provides a balanced measure of classification
performance. Out of the original 127,671 butterfly specimens, 17,562 individual specimens were
flagged by the model at least once across all 100 runs. The number of specimens that received a
RPV of one greatly outnumbers the humber of specimens that received a RPV of 100 (Table 1).
When the RPV are combined into intervals of 10, over 83% of specimens are categorised with an
RPV of 1-10, with the nextinterval of 11-20, occurring over 6%. Less than 1% of specimens flagged
by the pipeline occurred in the RPV interval of 91-100. Out of the original 222,537 moth

specimens, 81,788 individual specimens were flagged by the model at least once across all 100
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runs. Again, the number of specimens that received a RPV once outhumbers the specimens that
were received a RPV of 100 (Table 2). Over 80% of specimens flagged by the pipeline occurred in
the RPV interval of 1-10, with the next interval of 11-20, occurring over 9%. Just over 0.1% of

specimens occurred in the interval with a RPV of 91-100.

Reoccurring prediction values (RPV) for butterflies and moths in intervals of 10 for the
butterflies and moths.
RPV Interval Butterfly: Butterfly: Moth:
Number of | Percentage of | Moth: Numberof | Percentage of
Specimens Total Specimens Total
91-100 171 0.97% 94 0.11%
81-90 157 0.89% 255 0.31%
71-80 129 0.73% 255 0.43%
61-70 121 0.69% 446 0.55%
51-60 179 1.02% 613 0.75%
41-50 242 1.38% 1088 1.33%
31-40 295 1.68% 1834 2.24%
21-30 507 2.29% 3307 4.04%
11-29 1121 6.38% 8150 9.96%
01-10 14639 83.36% 65652 80.27%

Table 2. Reoccurring prediction values (RPV) for butterflies and moths in intervals of 10 for the butterflies and moths.

3.4.2 Visual verification interrogation

3.4.21 Error type analysis

In total, 210 specimens were visually inspected: 120 butterflies and 90 moths. 56.67% of the
specimens examined had an RPV >80, meaning that they were consistently flagged by the model
as being incorrectly labelled (Fig. 13). An additional 493 hybrid butterflies were flagged by the
pipeline; however, these technically belong to no official species and were verified to be hybrids

by the experts, and these were excluded from the remaining evaluations.
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Comparison of Mislabelling Errors between Moth and Butterfly Datasets

Dataset
I Butterfly
50 4 I Moth

Frequency
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Labelled wrong  Pipeline wrong Portal wrong Unknown
Error Type

Figure 11. Bar chart showing the combined error results for the butterflies and moths.

The most commonly occurring error among the specimens that were visually inspected by the
taxonomists was that the specimens were labelled wrong (54 butterfly, 57 moth) (Fig. 11). This
was followed by the pipeline being wrong (42 butterfly, 21 moth), then the portal being wrong (20

butterfly, 6 moth), with the lowest category being unknown (4 butterfly, 6 moth).
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3.4.2.2 Difficulty of verification analysis

Comparison of Labelled Wrong and Pipeline Wrong Errors Across Difficulty Levels in Moth and Butterfly Datasets
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Figure 12. Bar chart showing the difficulty assigned to the visual verifications for moth and butterfly specimens.

In general, specimens that were given a difficulty score of 1 by the taxonomists were more likely
to be labelled wrong (Fig. 12). This pattern is seen in reverse when examining verifications with a
difficulty score of 3, where the pipeline was more often the reason for the errors. This
demonstrates that errors in the labelled wrong category were more likely to be rated as easy to
visually verify (score of 1), while errors in the pipeline wrong category were more likely to be rated

as difficult to visually verify (score of 3).
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3.4.2.3 Relationship between Difficulty and RPV

Histogram of Reoccurring Prediction Values by Difficulty Level
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Figure 13. Histogram showing the reoccurring prediction value and difficulty of specimens visually examined.

Most specimens examined had high RPV values, but in general, as RPV decreases, the difficulty
level also tends to decrease (Fig. 13). Difficulty Level 1, which contains the most specimens,
shows the greatest variability, with prediction values distributed across the entire range. In

contrast, Difficulty Levels 3 and 4 are more prevalent among specimens with higher RPVs.
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3.4.2.4 Examples of verified labelled wrong specimens
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Figure 14. Whole drawer images (A & B) showing labelled wrong specimens (C & E) and their respective species (D & F).

Here we present two examples of when labelling was incorrect. Figure 14A is a whole drawer of
Boloria selene (Denis & Schiffermuller, 1775) (Fig. 14C) while those highlighted are Boloria
euphrosyne (Linnaeus, 1758) (Fig. 14D). Guides dedicated to visual morphology separate these
two species based on the pattern of the outside edges of the wings with little else considered to
separate specimens (European Butterflies, 2024). However, once the difference was noted,
experts found it easy to discern between the two and gave these a difficulty of 1. Figure 6B is a
whole drawer image of Earophila badiata (Denis & Schiffermuller, 1775) (Fig. 14E) while the
highlighted specimens are of Catarhoe rubidata (Denis & Schiffermduller, 1775) (Fig. 14F). Visual
verification of these specimens was, in the opinion of the experts, easy to discern and gave these
adifficulty of 1. Moreover, these specimens were all input by a single curator and again, according

to the experts, it was a mistake that should have been avoided.
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3.4.25 Examples of verified pipeline wrong specimens
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Figure 15. Specimen ‘BMNHE_501105" (7A & D) with example of the current species label Maculinea arion (7B & E) and predicted

species label Cupido minimus (7C & F).

Specimen ‘BMNH(E)501105’ (Fig. 15A) belongs to the species Maculinea arion (Linnaeus, 1758)
(Fig. 7B). The pipeline predicted this specimen as Cupido minimus (Fuessly, 1775) (Fig. 15C) with
an RPV of 93. Visual verification by the experts confirmed that the pipeline labelled this wrong due
to a large size difference between the current species label and predicted species label as can be
seen in the images with scalebars and labels (Fig. 15D - F). The experts noted that while the
morphology when viewing the cropped images does resemble the predicted species, the
specimen in question could easily be verified when viewing itin person or when viewing the image

alongside the scalebar.
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Figure 16. Specimen ‘BMNH(E)1390409’ (A) and its sampled location (D) with example of the current species label Aricia agestis (B)
and collection locations for this species (E). C is an example of its predicted species label Aricia artaxerxes (C) and

collection locations of this species (F).

Figure 16A shows specimen ‘BMNH(E)1390409’ belonging to Aricia agestis (Denis &
Schiffermuller, 1775) (Fig. 16B). The pipeline predicted this as Aricia artaxerxes (Fabricius, 1775)
with an RPV of 98 (Fig. 16C). Visual verification confirmed that the pipeline had labelled this wrong
because the location that the specimen was sampled from was outside its geographic range.
Again, it was noted that while the morphology of the specimen in question resembled the
predicted species rather than actual species, the location that the specimen was sampled from
would verify that the pipeline predicted it incorrectly. Figure 16D is the location the specimen was
sampled from while Figure 16E is the range of the current species label and Figure 16F is the

range of the predicted species label.
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3.4.2.6 Examples of portal wrong
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Figure 17. Various examples of issues with specimen storage and retrieval from within the NHM portal.

Figure 17 highlights various errors on the NHM portal in which specimens, their associated
information, or their retrieval via the search function from the server storage can be affected.
When ID BMNH(E)1176803 (Fig. 17A) is requested on the portal, links for two specimens are
retrieved (Fig. 17A and 17B). When ID BMNH(E)1098971 is requested, a single link is retrieved that
contains two specimens (Fig. 17C and 17D). Although the ID number matches the ID on specimen
8C, the information on the link belongs to specimen 17D, yet the ID on 17D is different (1094975).
Further complicating the mislabelling, specimen 17C, Coenonympha tullia (Muller, 1764), is not
of the same family as specimen 17D, Pyronia Tithonus (Linnaeus, 1758). When searching for ID
BMNH(E)1146807, (Fig. 17E), the portal retrieves a completely different ID, and the associated
information belongs to specimen 17F. When ID BMNH(E)1063847 is requested, a link for
specimen 17G is retrieved. Upon reviewing the information on this link, although the ID number
matches the specimen, the attached information (i.e. its taxonomic name, its sampling
coordinates, and its drawer number within the collections) belongs to a different species (Fig.

17H).
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3.4.3 Genetic verification results

Genetic Verification Results

Butterfly Moth

mw Pipeline wrong B Pipeline and visual expert wrong

Figure 18. Pie charts showing the results from the genetic verification.

30 specimens were selected for genetic analysis, made up of 19 butterfly specimens and 11 moth
specimens (Fig. 18). Among the butterflies, 15 specimens that the visual taxonomists had flagged
as incorrectly identified by the pipeline were confirmed as incorrect through genetic analysis.
However, 4 specimens contradicted both the pipeline’s prediction and the visual taxonomists’
assessment, which had supported the pipeline's prediction. For the moths, genetic analysis
confirmed that 3 specimens were incorrectly identified by the pipeline, in line with the visual
taxonomists' assessment. In contrast, the genetic analysis showed that 8 specimens
contradicted both the pipeline and the visual taxonomists. Out of the 4 specimens that were given
a difficulty score of 4 (3 butterflies and 1 moth), only two came back from the genetics

examination. Both contradicted the pipelines predictions.

3.5 Discussion

A primary challenge of NHMs is the taxonomic identification, curation, and management of vast

and continuously growing numbers of specimens (Miller et al., 2004, Mujtaba et al., 2018). Our
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study describes a CV pipeline applied to the digitised British and Irish Lepidoptera collection at
the NHM, London. This pipeline was developed to automatically identify mislabelled specimens,

thereby enhancing the accuracy and efficiency of managing these collections.

Out of the original 127,671 individual butterfly specimens, 17,562 were incorrectly
predicted at least once (out of 100 runs, 28.37%). However, analysis of RPV demonstrated
that >83% of specimens received an RPV of 1-10, while less than 1% reached an RPV of 91-100.
Similarly, for the moth dataset comprising 222,537 specimens, 81,788 were flagged by the
pipeline at least once, with over 80% falling within the RPV range of 1-10, while less than 0.12%
received an RPV of 91-100. This suggests that while many specimens were flagged by the pipeline,
only a small fraction were consistently flagged as being potentially mislabelled. Such specimens
(e.g., RPV >80) should be visually inspected by taxonomists and re-labelled if required. This is
supported by expert visual examination where 56.67% of the specimens they examine had an
RPV >80 (Fig. 12). We confirmed that 147 of the inspected specimens (out of 210; 70%) were

indeed incorrectly labelled, either within the collection or during the digitisation process.

In contrast, specimens within the lower RPV ranges (i.e. 1-10) will most likely show pipeline-
based errors due to the dataset containing mislabelled specimen images. Although only a small
portion of the total number of flagged specimens were examined, 70% of those examined were
incorrectly labelled in as either labelled wrong or portal wrong. Even in a scenario where these
specimens were the only mislabelled specimens within the dataset, they would ultimately
destabilise a CV model's true potential. Research has shown that incorrectly labelled specimens
that have been used in the training dataset erode the accuracy of the resulting model (Northcutt
et al., 2021). Therefore, it could be assumed that a model known to have incorrectly labelled
specimens will undoubtably produce false positive predictions. Future work should focus on this
and investigate whether there is a relationship between RPV values and pipeline accuracy.
Alternative validation strategies, such as k-fold cross-validation, could also be applied; however,
a fixed train-test split was adopted here to reflect a realistic deployment scenario in which
models are used to flag individual specimens for expert review rather than to maximise aggregate

accuracy metrics.

The mislabelled specimens identified in this study underscores the complexity of managing
and curating large NHCs. Our findings align with previous research suggesting that manual
labelling errors are not uncommon in such extensive collections with errors reported to be as high
as 50% within certain collections (Goodwin et al., 2015). This substantial error rate highlights the
critical need for technological solutions (such as that described here) to be used in combination
with expert knowledge for the curation and maintenance of large NHCs. Here, we show that

automated methods can be used to flag specimens that are potentially labelled differently to their
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current status. However, in order to verify and rectify such curation issues, the expert opinion and
extensive knowledge of museum curators and taxonomists are needed. We see the collaboration
between automated methods and traditional taxonomists as being key for the future curation and

maintenance of very large and growing NHCs.

The genetic analysis confirmed that the pipeline made several incorrect predictions,
highlighting areas where it aligned with human expertise and also contradicted their predictions.
For the butterfly specimens, 15 instances were identified where the pipeline predictions were
incorrect, and these errors were accurately caught by the visual taxonomists, showcasing their
taxonomic expertise. However, in four cases, the genetic analysis contradicted both the pipeline
and the visual taxonomists, indicating that both methods occasionally fail to capture the true
identity of certain specimens. Similarly, for the moth specimens, three cases were confirmed
where the pipeline predictions were incorrect, and these errors were also identified by the visual
taxonomists. In contrast, eight instances showed that the genetic analysis went against the
predictions of both the pipeline and the visual taxonomists. These findings suggest that while the
pipeline can be effective in identifying potential mislabelling, it is not infallible, reinforcing the

importance of a multi-faceted approach to specimen verification.

The synergy of CV, visual, and genetic methods offer robust approaches for managing and
curating large NHCs. The combination of these methods is particularly important given the
challenges associated with each. Visual verification can be subjective and dependent on the
availability and expertise of taxonomic specialists (Austen et al., 2016), while genetic analysis,
though precise, can be resource-intensive and sometimes impractical for older or degraded

specimens (Karbstein et al., 2024).

Despite the promising results, our study has several limitations. One notable limitation is
the current inability of the pipeline to integrate information on specimen size differences or
geographical range. For instance, some species may be morphologically similar but vary
significantly in size or are endemic to different regions, leading to potential misidentifications by
the pipeline. Initial testing showed that the original images which included scalebars and labels
interfered with the training of the CV models and resulted in the models occasionally utilising
these parts of the images rather than the desired specimen. This was circumvented by cropping
the images so that the specimens took up as much of the image a possible, resulting in reduced
noise for model training. However, this ultimately resulted in the pipeline unable to differentiate
between size as all images are processed as the same size. This limitation suggests that further
refinement of the pipeline is necessary to incorporate additional contextual data, such as

specimen size and collection location, to improve accuracy. Additionally, experimenting with
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systems where CV models focus on specific areas while ignoring excessive noise could be

explored.

Our results have revealed a wide range of reasons why specimens within NHCs can
become mislabelled, with the biggest being human error. Some specimens showed clear and
obvious morphological defining features that should have been, at least in the opinion of the
visual-based experts, easy to have been correctly labelled. Due to the age of some of these
collections (Paterson et al 2016), the true reasons as to how these errors occurred will never be
known. However, current issues where limitations in resources mean that curation staff are
unable to dedicate sufficient time to manually verify specimens and manage collections mean
that these errors could persist. Specimens that are mislabelled on the portal can also be
attributed to human error. The journey of a specimen from its initial input into the collections to
its eventual digital representation on the portal would have gone through many different
individuals including several generations of curators, photographing teams, or server-level
teams, all with varying levels of expertise. The NHM is currently several years into an ambitious
project to digitise and upload their NHCs. This highlights that communications from different
departments should be a priority when creating such projects and implementing verification

steps to avoid errors.

Our study demonstrates that automated methods can be used as important tools for
taxonomists and curators to manage very large NHCs. Future work should focus on developing
user-friendly interfaces and tools for museum staff and taxonomists to easily interact with and
validate the results from the CV pipeline, which could streamline the verification process and free

up staff time for other collection management tasks and research.

3.6 Conclusion

In conclusion, our study demonstrates the potential of a combined approach using CV, visual
verification, and genetic analysis to significantly improve the accuracy and efficiency of managing
NHCs. By automating the initial identification of potentially mislabelled specimens, our CV
pipeline offers a scalable solution to the pervasive issue of taxonomic misidentification in large
collections. This automation not only enhances the speed and accuracy of specimen verification
but also alleviates the burden on human experts, allowing them to focus on more complex tasks

that require specialised knowledge.

The integration of Al-driven technologies into museum curation practices represents a

significant step forward in preserving the integrity and utility of these invaluable scientific
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resources for future research and conservation efforts. Furthermore, our approach underscores
the importance of a multi-faceted verification process, combining the strengths of various
methodologies to achieve a more reliable and comprehensive system. By continuing to innovate
and improve these methods, we can ensure that NHCs remain accurate, accessible, and
valuable resources for scientists and researchers worldwide, thereby supporting ongoing

biodiversity research and conservation initiatives.
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4.1 Abstract

Many species are composed of two or more genetically distinct clades, indicating ongoing or past
evolutionary divergence. Often however, there are no obvious morphological differences
between clades, making it difficult to accurately assess specific aspects of biodiversity or to
enact targeted conservation efforts. New advancements in artificial intelligence tools can be
used to categorise individuals into their respective genetic clades and to highlight their

distinguishing morphological characters that would otherwise be hidden from human observers.
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Here, we applied computer vision and explainable artificial intelligence techniques to four limpet
species that display well-defined phylogeographic breaks along the Baja California and California
coasts. A fine-tuned convolutional network, trained and evaluated over 100 resampling
iterations, classified individuals into their genetic clades with median F1-scores of up to 0.96. F1-
score performance was markedly higher for true clade groups than the controlled mixed groups,
confirming the presence of features specific to the clades. Saliency maps consistently
emphasised structures such as the keyhole in Fissurella volcano and the ridge tips in Lottia conus
as distinguishing features, and subsequent shape analyses confirmed significant divergence
between clades. These results demonstrate the power of computer vision and explainable
artificial intelligence to expose otherwise cryptic morphological diversity and provide a scalable,
reproducible workflow that can broaden the biodiversity toolkit and refine eco-evolutionary

research across taxa.

4.2 Introduction

Understanding the processes that generate and maintain biodiversity between and within
species is a central aim of ecology and evolutionary biology (Govaert et al., 2021). Although
genetics, morphology, or a combination of the two are routinely used to delimit taxa and
populations, a substantial fraction of diversity remains hidden because genetically distinct
lineages may be morphologically indistinguishable, known as cryptic divergence. In such cases,
the human eye cannot easily discriminate external traits, and molecular markers are often relied

on to provide a diagnostic tool for classifying groups (Lu et al., 2024).

The prevalence of cryptic divergence across the animal kingdom has become increasingly
apparent with advances in molecular techniques. A comprehensive meta-analysis of 2,207
cryptic species across major metazoan taxa and biogeographical regions (Pfenninger and
Schwenk, 2007), revealed that cryptic species are homogeneously distributed among taxonomic
groups ratherthan concentrated in particular lineages or environments. This finding suggests that
morphological stasis upon speciation is seemingly common, independent of phylogenetic
relationships or ecological circumstances, and indicates that cryptic diversity predictably affects

biodiversity estimates across all animal groups.

There are also high levels of cryptic divergence within species, where there are no obvious
morphological differences between genetically distinct populations (Riddle et al., 2000). If there
are any morphological differences between cryptically divergent populations within species, it is

likely harder to notice them compared to differences between completely separate species,
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because the genetic differences are not as significant (Hebert et al., 2004). Given the accelerating
loss of species and populations under human impacts, accurate and reproducible methods are
urgently needed for detecting morphological differences between cryptically divergent
populations or species to inform conservation efforts and provide eco-evolutionary biologists

with better tools for understanding genotype-phenotype interactions.

Explainable artificial intelligence (XAl) are techniques that allow for Al model outputs to
be reviewed and understood by humans (Aysel et al., 2023). XAl have been particularly advanced
within the subfield of computer vision (CV), which now offer a tractable solution to the challenges
faced in identifying differences in morphology between cryptic groups (Pinho et al., 2023).
Heatmaps, a form of CV XAl, provide a visual representation of the regions within an image that
most strongly influence model prediction (Aysel et al., 2025). They generate an overlay in which
the individual pixels, or spatial areas of pixels, that contribute most to classification decisions are
highlighted. One such technique, known as saliency mapping, assigns a score to each pixel
according to its importance in the final output decision (Algaraawi et al., 2020, Selvaraju et al.,
2020, Jiang et al., 2021). The scored pixels are then rendered in a colour scale, where ‘hotter’
colours indicate higher importance. These maps therefore serve as a crucial link between model
prediction and human interpretation, enhancing the transparency and reliability of automated

morphological assessments.

A trained convolutional neural network (CNN) can detect minute shape or colour
variations between closely related species, differences which can often elude human observers
(Hollister et al., 2025). Furthermore, heatmap systems reveal the pixels most responsible for
each classification (Hollister et al., 2023). By coupling automated classification with feature
visualization tools, researchers can examine and objectively measure morphological differences,

enhancing our understanding of cryptic patterns of biodiversity.

In this study, we developed a CV pipeline to examine four species of limpets with
significant population genetic differences along the coasts of Baja California and California
(Zarzyczny et al. 2024; Nielsen et al. 2024). Despite clear genetic distinctions between clades,
there are no outward morphological differences that have been noted, either in the literature or
from field observations of the co-authors, suggesting cryptic divergence. Our primary goal was to
train a CNN to accurately classify shells to their respective genetic clades. Next, we aimed to
uncover specific features that contribute to this accuracy using saliency maps, which helped
guide our analyses and interpretation of shell shape differences between clades. These results
canthen be used to hypothesise on the potential eco-evolutionary reasons for the morphological

differences between clades. Using our explainable Al pipeline, researchers will be in a better
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position to explore phenotypic differences between cryptic groups and their ecological and

evolutionary significance.

4.3 Methods

4.3.1 Species Selection and Genetic Clade Classification

The following four limpet species were analysed: Fissurella volcano (Reeve, 1849), Lottia conus
(Test, 1945), Lottia gigantea (G.B. Sowerby |, 1834) and Lottia strigatella (P.P. Carpenter, 1864).
The Lottia species are members of the Patellogastropoda (true limpets) whereas F. volcano
belongs to the Fissurellidae (keyhole limpets). Despite their superficial morphological
similarities, keyhole limpets and true limpets are not closely related phylogenetically.
Fissurellidae can be easily distinguished from the true limpets by the presence of their keyhole.
Between Lottia species, L. gigantea can be easily distinguished from the others due to its large
size difference. While there can be some confusion between L. conus and L. strigatella (Hollister
etal. 2023) author PBF is an expertin Lottia species from the Baja California Peninsula and is able
to visually differentiate all species in this study. Within species however, there is high

morphological variability (Hollister et al., 2023).

Specimens were classified into their predefined genetic groups based on previous
molecular studies which defined distinct genetic clades separated by clear phylogeographic
breaks. In F. volcano, L. conus, and L. strigatella, major phylogeographic breaks along the
western Baja California Peninsula was identified using the mitochondrial marker CO7 (Zarzyczny
et al., 2024). By contrast, L. gigantea shows no breaks with CO7 or microsatellites (Fenberg et al.,

2010) but does exhibit two breaks identified by genome-wide SNP analysis (Nielsen et al., 2024).

Throughout this study, populations north of their respective breaks are termed the Northern
clade and populations south of the breaks, the Southern clade. For L. gigantea we restricted
sampling to specimens spanning the Californian break because material from the more southerly
clade is scarce. These clade designations provided the framework for all subsequent

morphological and CV analyses.

4.3.2 Specimen Collection

Specimens were obtained from two primary sources: field sampling and natural history

collections. This dual approach provided a comprehensive sample across phylogeographic
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breaks while accommodating logistical constraints that limited field sampling at every location.
Field collections yielded representatives of the Northern and Southern clades of F. volcano, L.
conus and L. strigatella. Additional specimens were sourced from the Natural History Museum of
Los Angeles County (LACM), comprising both clades of F. volcano, L. conus and L. gigantea. All
museum material had been morphologically identified by museum taxonomic experts. Specimen
counts were: F. volcano =552 (181 Northern and 371 Southern); L. conus =974 (345 Northern and
629 Southern); L. gigantea = 352 (162 Northern and 190 Southern); L. strigatella = 789 (215
Northern and 574 Southern). Location counts are provided in the supplementary Data (Sup. Table

1).

Each specimen was photographed in dorsal and ventral orientations using a Panasonic
Lumix DC-G9 with an OM SYSTEM 90 mm macro lens on a black background under standardised
lighting and magnification. Between three and twenty-one photographs (depending on specimen
size) were captured per specimen and focus-stacked using Helicon Focus software to produce a
single high-resolution image with consistent depth of field for subsequent CV analyses. All shells,
whether obtained from field collections or museum holdings, were dry and photographed under
identical imaging conditions (camera, distance, angle, background, and lighting) to ensure
consistency across sources. Dry shells are generally stable under standard museum storage
conditions, and no published reports describe substantive morphological alteration of dry-stored

limpet shells over time, although minor surface variation between sources cannot be excluded.

4.3.3 Model Selection and Configuration

For image classification, we employed the VGG16 neural network architecture (Simonyan and
Zisserman, 2014), initially trained on the ImageNet dataset (Deng et al., 2009). Custom top layers
were added to adapt the model to the specific requirements of this study. Following preliminary
testing, hyperparameters were tuned to optimise performance across all species and
orientations. The optimised parameters were consistently applied throughout the pipeline. To
ensure reproducibility, the pipeline was seeded with a fixed random state. To ensure the
robustness of our findings and to verify that the results were not influenced by random chance,
each classification configuration was repeated 100 times. In each iteration, the pipeline
randomly sampled training (set to 120 images per class) and validation (set to 30 images per
class) images from the total pool of available images required for classifier construction from
each respective class (Northern and Southern). The remaining images were reserved as test data
for evaluation purposes, referred to as ‘Test-full’. To address potential class imbalance within the

test dataset, a further subset was evenly sampled across all classes, referred to as ‘Even-test’
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(set to 20 images per class). To address potential sub-class imbalance within the clades, where
locations that had large numbers have the potential to create location-specific morphological
features rather than the desired clade-specific morphological features, we set a limit of 100
maximum specimens per location. We randomly sampled 100 specimens from these locations
and put the remainder into the test sets. Images assigned to training and validation batches were
augmented to generate synthetic images. This augmentation process, which included operations
such as rotation, flipping, and scaling, is well-documented to enhance the performance potential
of image classifiers by increasing the diversity of the training dataset (Shorten and Khoshgoftaar,

2019, Xu et al., 2023).

4.3.4 Mixed-Group Validation

To provide a control group, we trained a parallel set of mixed-group models. All network settings
were identical to the original clade-based models. For each species, its two respective clade
labels were replaced by two synthetic classes created through random mixing: every mixed group
contained equal numbers of Northern and Southern images. Each mixed class therefore
represented a uniform distribution of the original categories, so any clade-specific signal should

be removed.

Performance on these control models serves as a benchmark for model behaviour for
several critical reasons established in recent deep learning research. Systematic experiments
demonstrated that convolutional networks can easily fit random labelling of training data,
achieving near-perfect training accuracy even when no meaningful relationship exists between
images and labels (Zhang et al., 2021). However, while these networks could memorize the
random associations during training, they achieved test performance no better than random
chance, producing an accuracy of ~10% on the 10-class CIFAR-10 dataset (Zhang et al., 2021).
This demonstrates that networks learning from natural data with genuine structure behave
qualitatively differently from those fitting arbitrary random associations. While deep networks are
capable of memorising noisy data, they tend to prioritize learning simple patterns first, and that
networks behave differently when learning from structured versus random data (Arpit et al.,
2017). This preferential learning of meaningful patterns when genuine structure exists provides
the theoretical foundation for using mixed-group controls to distinguish real clade specific

signals from spurious correlations.

If our CNN truly exploits clade-specific morphological features, its accuracy could reach
high levels on the original task but fall to chance levels 0% for two-class problems) on the mixed-

group task. If there are no real morphological differences between groups, both the original and
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mixed-group models will perform similarly, with moderate accuracy. This is because the
classifier will pick up on false signals caused by factors like imaging differences, batch effects, or
technical issues, rather than true clade differences. The mixed-group control effectively tests
whether the model is identifying genuine clade-specific features rather than simply memorising
arbitrary training examples (Cawley and Talbot, 2010, Ying, 2019, Oyedotun et al., 2017, Advani
et al., 2020).

4.3.5 Size Differentiation

Because shell outline and erosion can vary with specimen size (Oréstica et al., 2021;
Vasconcelos et al., 2021), any systematic size difference between clades could bias the CV
models. To test for such bias, we measured the major-axis length of every shell with digital
callipers (mm) and compared size distributions between northern and southern clades within
each species using the Mann-Whitney U test. Size ranges overlapped broadly in all cases and
none of the pairwise comparisons were significant (P > 0.05). Limpets are generally not known to
exhibit external sexual dimorphism (Henriques et al., 2017) unless they have protandric
hermaphrotidism (Wright 1988). Lottia gigantea shows size-related sexual dimorphism linked to
protandrous sex change but there are no shell characteristics that distinguish the sexes (Wright
and Lindberg, 1982). However, we included a broad range of shell sizes within each clade but
excluded the largest specimens and those with heavy erosion, aiming to minimise any potential
influence of sex-related and erosion variation in this species. We therefore assume that size-
related cues, including those arising from sexual dimorphism, are unlikely to confound the

classifier.

4.3.6 Model Attention Interrogation & Shape Analysis

Previous work shows that CNNs trained on morphological datasets can reveal the image regions
most diagnostic for classification via XAl heatmaps (Hollister et al., 2023). The SmoothGrad
saliency algorithm was used for this study (Smilkov et al., 2017). Preliminary runs confirmed that
the saliency maps centred on the specimens rather than the background, validating their use for

downstream analysis.

Guided by these maps, we carried out a mask-based shape analysis. Object regions were
first detected with YOLOvV8 (Sohan et al., 2024) and then precisely segmented with the Segment

Anything model (Kirillov et al., 2023). All masks were rescaled to the same major-axis length (1.0)

83



Chapter 4

while preserving aspect ratio, ensuring that subsequent metrics captured shape rather than size.

The metrics extracted were:

1.

Circularity - equals 1 for a perfect circle and declines as outlines become more irregular,

. . . 4T x Area
defined as: Circularity = Perimeter®)

Eccentricity - distance between ellipse foci + major-axis length; 0 for a circle, increasing

with elongation.

Solidity - Area + Convex-hull area; values near 1 indicate a nearly convex outline, lower

values indicate pronounced indentations.

Extent - Area + Bounding-box area; measures how fully the shape fills its minimal

enclosing rectangle.

Minor-axis length - width of the best-fitting ellipse, normalised to the same scale as the

major axis (range 0-1).

Visual representatives can be observed in the supplementary data (Sup. Fig. 1).

4.3.7

Data Analysis

All code and models were run in Python, graphs were generated with the Matplotlib package and

statistics were generated using the SciPy package. Model performance was evaluated using the

F1-score, which is the harmonic mean of precision and recall and provides a balanced measure

of classification performance, particularly useful for imbalanced datasets and is defined as:

Precision x Recall

Precision + Recall
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4.4 Methods

4.41 Model F1-Score Analysis

F1-Score Distribution (Even test set)

104 — Clade-based Models
Mixed Models
0.9 1
)
o
0.8 o o
[¢) o o
o o - o o
S o o o
w» 0.71 o o o o o o
]
~ - o o o T
w o o o o
> o o o [¢) o o
S 0.6 o - o
5 [¢) o
o
) o
< o
051 —_— ==
o
- o
0.4 4 o o
) o
o
o - o -
0.3 o
o
N N N N N \ N N > » A N N N A N
& &£ &S
IS R o R o) R k) R 9 R o $© o) R S R
0 2 2
N (o] O o Q 2 AN \ (] ] O o Q' 3 AN \2
0\@ \Cb(\ (9‘\ 0(\0 0& & Q & \(,'?’Q \&0 o 0(\0 6& & & ?)@\
< © % O R & R © O 0 > ) & O 3
@ > & A N & K > > Q < ) & & \
Q N NS S P e g N N NS R e ; .
5 X NN SN S R AN & &
" ¢ & \V \ N Q.\(,e ¢ & V \ Ny

Figure 19. box plots for model combination F1-scores across 100 runs for the even test datasets. Blue boxes are the clade-based
models per species and orientation, and the red boxes are the mixed-group controls. For each species and
orientation, the F1-scores are significantly greater for the clade-based models compared to the mixed-group

controls.

The Even-test results for clade-based models are significantly different from the mixed-group
controls (Mann-Whitney U, P < 0.001; Fig. 19). Among the clade-based models, the highest
median F1-scores were obtained for L. strigatella (dorsal: 0.963; maximum 1.000) and F. volcano
(ventral: 0.925; maximum 1.000). The lowest performance was recorded for L. gigantea (dorsal:
median 0.575; maximum 0.775). Mixed-group controls consistently underperformed, all of which
have median values of ~ 0.500; the largest drop occurred for F. volcano (ventral: median 0.500;

maximum 0.700).

The Full-test evaluation showed the same pattern (Sup. Fig. 2). L. strigatella remained the
top performer (dorsal median 0.964; ventral median 0.945), whereas L. gigantea (dorsal median
0.575; maximum 0.688) again ranked lowest. For example, the mixed-group control for L. conus
(ventral) achieved only 0.500 (median) and 0.576 (maximum), compared with 0.904 and 0.938 for

its clade-based counterpart, confirming reliance on clade-specific features. Comparing the
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Even-test and Full-test scores yielded no significant difference (Kruskal-Wallis test P > 0.05),
indicating that overall model performance is insensitive to test-set size or class balance. All
performance-based subsequent analyses therefore report the Even-test metrics and a boot-strap

analysis using these 100 iterations can be seen in the supplementary data (Sup. Table 2)

Fissurella Lottia Lottia Lottia
volcano conus gigantea strigatella

North
Dorsal

North South
Dorsal

Ventral

South
Ventral

Figure 20. Examples of saliency maps showing all species, groups and orientations. The highlighted parts of the shells are where the
model focusses attention for distinguishing between clades. Lottia gigantea is larger than all other species, with an
average size of 45mm in length for sampled individuals. The average sizes of the sampled individuals for the other

species are L. conus (9.7mm), L. strigatella (9.9 mm) and F. volcano (18.3 mm)

4.4.2 F. volcano morphological variation

Saliency mapping for both dorsal and ventral orientations consistently highlighted the keyhole
(Fig. 20). We therefore selected this structure for detailed, mask-based shape analysis. All five
metrics—circularity, eccentricity, solidity, extent and minor-axis length—differed significantly
between the Northern and Southern clades (Mann-Whitney U, P < 0.001; Fig. 21b). Northern
keyholes were less circular, more elongated, more indented, filled a smaller proportion of their

bounding box and had a shorter minor axis, whereas Southern keyholes showed the opposite

pattern.
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A) Example images of both F._volcano clades

Northern Clade Southern Clade

B) Shape metric analysis of the keyholes for both F. volcano clades
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Figure 21. Example images of whole shell specimens from each clade and both perspectives, with the keyholes clearly visible on the
apex of each shell (A). Shape metric analysis of F. volcano keyholes (B). The saliency maps consistently highlighted

the keyholes when distinguishing between clades (see Fig 20).

To further quantify these shape differences, we compared the average outlines of each
clade using the Karcher-mean. A Karcher-mean represents the average shape derived from all
specimen examinations, providing a single outline that best captures the overall form while

accounting for variation among individual shapes. A Karcher-mean shape comparison reinforced
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these differences (Fig. 22a). Six corresponding outline points were defined along the shell margin
atthe 25th, 50th, and 75th percentiles of maximum height on both left and right sides of the shell,
ensuring consistent spatial correspondence across specimens for subsequent alignment and
shape comparison. These showed that the Northern keyhole is 12.0% narrower along the minor
axis, and the mean upper- and lower-quartile distances are 42.5% greater than the central
distance, emphasising its more irregular outline. Location-specific Karcher-means display the

same clade-level contrast (Sup. Fig. 3).

When the keyhole region (plus a small bounding margin) was cropped from every image
and re-submitted to the classifier, the median F1-score fell to ~0.70. When looking at just the
keyholes, salience maps were centred on the keyhole perimeter, particularly where inter-clade
shape differences occur (Fig. 4b), indicating that the keyhole is the principal, but not sole, feature

underpinning discrimination.

A) Karcher-Means average keyhole shape for both F._volcano clades B) Example of salience
“ maps on close up
—— Mean Southern Shape E _volcano keyholes

~ Mean Northern Shape

Northern Clade

Southern Clade

Figure 22. Karcher-mean depiction of the mean keyhole shape of the two F. volcano clades (A) and saliency map examples
conducted on just the keyholes (B). The keyholes of specimens from the northern clade are more indented and less circular

compared to the keyholes of specimens from southern clades.
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4.4.3 L. conus morphological variation

Saliency maps for L. conus converged on the distal ridge tips in both dorsal and ventral
orientations (Fig. 20). Guided by this pattern we compared whole-shell outlines between clades.
Masks were generated for every shell, rescaled to a common major-axis length, and the standard
shape metrics extracted. Circularity, solidity and extent differed significantly between the
Northern and Southern clades (Mann-Whitney U, P <0.001), whereas eccentricity and minor-axis
length showed no significant variation (Fig. 23b). Thus, Northern shells are on average more
irregular, have deeper indentations and occupy a smaller proportion of their bounding box than

Southern shells, while overall elongation remains comparable.
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A) Example images of both L. conus clades
Northern Clade

Southern Clade
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B) Shape metric analysis for both L. conus clades
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Figure 23. Example images of shells from both L. conus clades and perspectives (A) and shape metric analysis of L. conus shells (B)

4.4.4 L. gigantea and L. strigatella morphological variation

For L. gigantea and L. strigatella the saliency maps were diffuse, with attention often distributed
along the shell perimeter rather than on a single, discrete structure (Fig. 20). Consequently, we

applied the same whole-shell, mask-based shape analysis to these species to quantify any

outline differences between clades.
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A) Example images of both L. gigantea clades B) Example images of both L. strigatella clades
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Ventral

C) Shape Metric Analysis for both L. gigantea clades D) Shape Metric Analysis for both L. strigatella clades
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Figure 24. Example images of shells from both L. gigantea clades and perspectives (A) and L. strigatella (B). Shape metric analysis of

L. gigantea (C) and L. strigatella (D) shells.

For L. gigantea, the Northern clade shells were less elongated (lower eccentricity) and displayed
a larger normalised minor-axis length than those of the Southern clade, whereas circularity,
solidity and extent did not differ significantly. For L. strigatella, the Northern clade shells were
more regular in outline (higher circularity), had a larger minor-axis length and a lower extent (less

compact) than Southern shells, while solidity was nonsignificant between clades.

4.5 Discussion

4.5.1 CV As A Powerful Tool For Biodiversity research

Understanding and preserving biodiversity requires advanced methods to detect and analyse
cryptic morphological diversity among genetically distinct clades (Grupstra et al., 2024). In this
study, we explored the potential of explainable artificial intelligence, specifically CV, to reveal
cryptic divergence among genetically divergent clades of limpets. Our findings demonstrate that

CV methods can not only accurately classify individuals from four limpet species into their
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respective genetic clades (Fig. 19) but also identify and quantify morphological features of clades
that were yet to be recognised or reported by human observers. The successful application of CV
in this context underscores its value as a powerful tool for biodiversity research, providing new
insights into the eco-evolutionary processes shaping morphological traits within cryptically

diverse species.

Although demonstrated here with limpet species, the workflow is transferable because it
operates on two-dimensional images in which the relevant diagnostic information lies within a
single plane. Numerous taxonomic groups satisfy this criterion, including, but not limited to,
insect wings (Sauer et al., 2024) and other pinned or slide-mounted materials (Hollister et al.,
2022), herbarium sheets (Younis et al., 2020), and thin-section microfossils (Piva et al., 2024).
Major natural history repositories, including the Natural History Museum, London, are now
digitising such objects at scale, thereby supplying abundant datasets for further investigation
(Blagoderov et al., 2012, Allan et al., 2019, Hollister et al., 2025). Researchers wishing to adopt
the pipeline therefore need only modest adjustments. For example, substitute an appropriate
training image set, fine-tune the hyper-parameters, and rerun the training-validation cycle on a
pre-weighted convolutional network. When coupled with heatmap-guided feature visualisation
and mask-based shape analysis, which are both easily automated with contemporary detection
and segmentation models (Kirillov et al., 2023, Sohan et al., 2024), this approach enables the
objective localisation and quantification of defining characters in any planar specimen. Although
image augmentation introduced some positional variation, all images were captured under
controlled and standardised conditions, with the camera positioned directly above each
specimen at a fixed distance and lighting setup. Such consistency is critical for reliable feature
detection, as differences in angle, illumination, or scale could alter the appearance of diagnostic
features and reduce model reproducibility. Assessing how well the method performs under less

standardised imaging conditions would therefore be a valuable future test.

4.5.2 Detecting Clade-Specific Signals

Comparisons between the clade-based models and the mixed-group controls show that the
pipeline is responding to genuine, clade-specific signals. Mixed-group controls have significantly
lower F1-scores (F1 = ~0.5). This means their performance is similar to random guessing for
problems with two classes (Zhang et al. 2021). This confirms that F1-score performance in the
original models is driven by clade-specific characters rather than generic image features (Khalid
et al., 2014, Dhal and Azad, 2022). These characters, though subtle, are evidently consistent

enough to support reliable automated discrimination. Most original configurations achieved very
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high F1-scores, and several runs reached perfection (F1-score = 1.0) for both dorsal and ventral
views of L. strigatella and F. volcano, while the L. strigatella dorsal perspective reached an
average F1-score of 0.96 across its 100 iterations. The F1-score performance for L. gigantea was
appreciably lower (Fig. 19). The smaller difference in F1-scores between clade-based and mixed-
group models potentially reflects a relatively recent population divergence in this species.
Genome-wide SNP data indicate a population split, but CO/ data show no corresponding division,
suggesting that perhaps this separation is evolutionarily young. Such discordance between
nuclear and mitochondrial markers often occurs during early stages of population isolation, when
genomic differentiation emerges before fixed morphological or mitochondrial differences
accumulate (Avise, 2000, Toews & Brelsford, 2012). The absence of pronounced morphological
divergence in L. gigantea therefore implies that while this species may have some geographically
structured genomic divergence, where selection or restricted gene flow has begun to structure
genomic variation, phenotypic differentiation has yet to accumulate. This contrasts with the other
species, where older, mitochondrial-level separations coincide with measurable morphological
divergence, producing higher F1-scores for clade-based models. Note however, our clades for L.
gigantea were only based on the Californian phylogeographic break which is less clear
geographically (in the Los Angeles region) and with lower support than the more distinct break in
the central Baja California Peninsula (Nielsen et al. 2024). If more specimens were available for
this southernmost clade, the models might have performed better. In addition, the average length
of the L. gigantea shells analysed here was 44.6 mm, significantly larger than those of the other
species: L. conus (9.7mm), L. strigatella (9.9 mm) and F. volcano (18.3 mm). Lottia gigantea
individuals frequently exhibit pronounced shell erosion (Kido and Murray, 2003, Mann et al.,

2012), which may remove some details.

The absence of any significant difference between the Even-test and Full-test evaluations
confirms that the morphological signal is independent of sample size or class imbalance. F1-
scores nevertheless showed variable dispersion across their respective iterations: the broadest
range (0.450) arose in the L. conus dorsal models, whereas the narrowest (0.225) was recorded
for L. strigatella dorsal models, indicating a more stable response in the latter. Variation of this
kind is often linked to dataset quality (Gong et al., 2023, Picard et al., 2020). Consistent imaging
protocols and balanced classes are critical to reliable performance (Folmsbee et al., 2019,
Glucina et al., 2023, Zhang et al., 2022), yet limpet shells are inherently variable and may be
eroded, damaged or obscured by surface deposits (Hollister et al., 2023). Although severely
damaged specimens were removed, residual heterogeneity remained, so some random training—
validation splits inevitably contained fewer informative features. Implementing 100 independent
resampling iterations was therefore essential for exposing and averaging over this variance, and

similar protocols are recommended when benchmarking image classification pipelines.
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However, alternative methods for examining the data are available such as k-fold cross-validation
that could have been used to maximise training data usage and reduce dependence on any single

partition.

4.5.3 Relevant Characters For Cryptic Morphological Divergence

Saliency mapping highlighted the image regions that most influenced the classifier and thus
pointed to characters of possible ecological or evolutionary relevance. In F. volcano, the maps
converged on the keyhole; shape metrics confirmed significant clade differences in circularity,
eccentricity, solidity, extent and minor-axis length, with Northern keyholes narrower and more
indented than Southern ones. When images were cropped to the keyhole alone, saliency shifted
to the aperture perimeter and the F1-score fell to ~0.70, indicating that the keyhole is the
principal, but not exclusive, discriminant. Importantly, these clade-specific shapes can be
observed at each location (i.e., specimens from each Northern location are narrower and
indented and specimens from each Southern location are more oval shaped). This suggests that
these morphological differences are clade-specific and therefore likely related to the genetic

differences between clades (Zarzyczny et al. 2024), but further research is required.

For L. conus, the maps consistently highlighted the ridge tips. Corresponding shape
analyses showed that Northern shells were more irregular, had lower solidity and occupied a
smaller proportion of their bounding box, signifying greater concavity relative to Southern shells.
In L. gigantea and L. strigatella the saliency maps were less convergent, with attention dispersed
across the shell surface and occasionally concentrated along the perimeter. Even so,
quantitative metrics detected clear clade-level shell-based divergence. Lottia gigantea clades
differed significantly in eccentricity and minor-axis length, whereas L. strigatella clades diverged
in circularity, extent and minor-axis length. The diffuse saliency pattern implies that the
discriminating information is spread across the shell or resides in attributes not captured by
outline geometry, such as colour bands or surface patterning. This interpretation is supported by
the exceptionally strong and stable performance of the L. strigatella models, whose high mean
F1-score and narrow dispersion suggest additional, non-geometric cues underpin effective
classification in that species. While many of the highlighted regions correspond to biologically
interpretable shell features, not all saliency responses necessarily reflect genuine morphological
signal. Saliency maps identify regions that most strongly influence model decisions rather than
features of confirmed biological relevance, and activation can occasionally arise from
background texture, residual reflections, or minor lighting differences. This limitation is inherent

to most image-based explainability methods and should be considered when interpreting fine-
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scale patterns of activation. Furthermore, Al and CV models operate purely as mathematical
systems that detect and process numerical patterns; they do not possess an intrinsic
understanding of the biological meaning of these patterns. Nevertheless, the overall consistency
of highlighted regions across models and orientations suggests that the major areas of

importance are clade specific rather than stochastic or artefactual.

The adaptive drivers of the clade-level differences documented here remain unresolved.
Furthermore, we do not currently know whether morphological differences between clades are a
result of genetic differences or due to phenotypic plasticity (i.e., caused by differences in
environmental or ecological conditions between clades). Morphological traits generally evolve
under selective pressures arising from environmental conditions, resource acquisition or
predation (Boaventura et al., 2002, Vermeij, 1973, Trussell, 1996). In Fissurellidae, the keyhole
serves as an exhalant opening for waste or respiration (McLean, 1984). A latitudinal survey across
its congener (F. radiosa) shows that the keyhole narrows towards the cooler portion of its
geographic range (albeit with limited spatial sampling). While clade differences in keyhole shape
detected in F. volcano generally matches this trend, the precise advantage of keyhole shape
remains to be studied empirically. Nor is it known whether keyhole shape is a result of the genetic
differences between clades, phenotypic plasticity (i.e., caused by water temperature or other
environmental differences between locations/regions) or a combination of both. For L. conus,
comparable data are limited. Some studies suggest that limpet shell morphology is shaped by
the need to maintain attachment to the substrate, influenced by factors such as wave exposure
and the physical characteristics of the surface (Sempere-Valverde et al., 2024, Paulo Cabral,
2007). However, these studies note that limpet shells can become more or less conical under
different environmental regimes but do not explain why the ridge tips themselves become more

elongated and projecting, rather than remaining broadly rounded.

Future research could explore many extensions to the current framework. One practical
direction would be to test the classifier on images captured under varying camera angles and
lighting conditions to assess how robust the workflow remains under less standardised imaging.
Beyond this, future developments in three-dimensionalimaging could overcome such limitations
by recording complete shell geometry, allowing morphological differences to be examined
independently of viewing angle. For instance, three-dimensionalimaging that records shell height
and curvature would permit finer quantification of morphological divergence and would allow
research into subjects that do not sit on a single plane. Morphology-based assessments that
incorporate colour or surface-pattern information (Williams, 2017), rather than geometry alone,
could expose additional clade-specific characters. More precisely linking morphological
differences identified by Al methods to genetic differentiation through targeted genomic sampling

could illuminate how genotype-phenotype interactions contribute to observed morphological
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variation (He et al.,, 2024), potentially identifying specific genomic regions that underlie
morphological divergence between clades. Together, these advances should deepen our
understanding of the trait variation driving evolutionary differentiation and enhance conservation

assessments of cryptic biodiversity.

4.6 Conclusion

This study highlights how computer vision, combined with user-friendly Al tools like saliency
mapping, can uncover hidden patterns in shapes and forms between cryptic groups. This
approach not only enhances our understanding of diversity in nature but also makes complex
analysis easier and more precise. The pipeline reliably classified individuals into their genetically
defined clades and pinpointed clade-specific shell characters, such as the keyhole in F. volcano
and the ridge-tip geometry in L. conus, demonstrating that it is driven by clade-specific features
rather than irrelevant image cues. Although this analysis does not pinpoint the exact reasons
behind these differences, it provides a useful framework for exploring subtle variations in any
group of organisms, especially when their key characteristics are primarily presented in two
dimensions. As natural history collections continue to release large image datasets, the scope
for applying explainable Al workflows across diverse organismal groups will grow

correspondingly.
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5.1 Abstract

CNNs now offer classification accuracy comparable to humans, but the extent to which they
attend to the same morphological features that a human would utilise remains unclear. Here, we
examined four pairs of closely related British butterfly species using a modified VGG16 classifier
trained on a large image dataset. We compared model attention visualised through various
heatmap overlays with diagnostic traits reported in three commonly used identification guides

and descriptions generated by the large language model, Claude.

Heatmaps consistently emphasised features such as lunules, discoidal spots, and
marginal markings, closely aligning with characters used in the literature. Saliency maps focused
more on specific features while Grad-CAM maps highlighted broader regions with less focus on
specific traits. Paired classifiers, restricted to two species, produced more abundant attention
on diagnostic features than full classifiers trained on 59 species, reflecting a trade-off between

fine and broad discrimination. Comparisons with Claude outputs aligned with the literature and
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the heatmaps, however, additional emphasis on traits not mentioned in the literature such as

wing shape were not consistently reflected in the heatmaps.

These findings demonstrate that CNN explainability methods can recover biologically
meaningful features and provide a framework for evaluating whether machine attention aligns
with morphological features used by humans. This approach has potential applications in
validating classifiers, detecting overlooked features, and supporting large-scale biodiversity

research.

5.2 Introduction

Butterflies (Lepidoptera: Papilionoidea) are among the most visually recognisable insect groups,
with depictions dating back to c. 3000 BC in the tomb of Nefer/Kahay (Nazari and Evans, 2015)
and early descriptions recorded by Aristotle in 350 BC (Balme and Gotthelf, 2002). Since then,
their morphology has been extensively documented, particularly for the purpose of species and
group delimitation and ecological studies (Thomas, 2020). A substantial body of literature,
including books, manuscripts, online resources, and specialist groups, details morphological
differences to aid identification. Morphology, however, is not only used for taxonomic purposes,
but also in understanding the biology and ecology of individuals and populations, both in
contemporary and historic specimens. Traits such as colouration, markings, and structural
features provide insights into feeding, predator avoidance, reproduction, sex, age, condition,

size, and health (Dharmaraaj and Kunte, 2025, Oliver et al., 2009).

Traditionally, morphological assessment has relied on expert taxonomists, often
specialising in specific groups. More recently, molecular approaches have been used to classify
specimens into taxonomic or population units. While molecular methods can achieve high
accuracy in delineation, and progress has been made in linking genes to morphology, they
typically provide less information on broader ecological characteristics (Hof et al., 2016, Van

Belleghem et al., 2021).

CV, a form of Al, has increasingly been applied to classify organisms from images or
videos, with performance comparable to human experts (Hollister et al., 2023). These methods
can resolve taxa at multiple levels, including cryptic species and within-species groups (Blair et
al., 2024). A key limitation, however, is the “black box” nature of Al, where the features used to
reach a decision are often opaque (Von Eschenbach, 2021). To address this, CV explainability
tools inthe form of heatmap overlays can be applied (Cheng et al., 2025, Aysel et al., 2023). These

highlight image regions contributing most strongly to classification decisions and previous work
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has demonstrated that such methods can successfully identify morphologically defining traits
from 2D images of specimens from closely related species (Hollister et al., 2023). However, there
is currently no work investigating whether these features highlighted by CV explainability align
with the perspective and interpretation of a human classifying the same specimens visually using

morphology.

Here, we investigate whether the attention of an image classification pipeline aligns with
the morphological features used by humans. Specifically, we examine closely related butterfly
species using Grad-CAM and saliency maps and compare the highlighted regions to diagnostic
features reported in key identification literature and to descriptions generated by a large language
model. By combining heatmap-based visualisations with established identification literature and
model-generated descriptions, we can directly assess whether the features emphasised by Al
classifiers correspond to those traditionally used in morphological assessment. The following
results present eight species, across four pairs, to examine where classifier attention aligns with,

or diverges from, human-defined diagnostic characters.

5.3 Methodology

5.3.1 Species Selection

Four pairs of closely related congeneric British butterfly species were selected for analysis: Aricia
agestis (Denis and Schiffermduller, 1775), Aricia artaxerxes (Fabricius, 1793), Boloria Euphrosyne
(Linnaeus, 1758), Boloria selene (Denis and Schiffermiiller, 1775), Colias croceus (Geoffroy,
1785), Colias hyale (Linnaeus, 1758), Pieris brassicae (Linnaeus, 1758) and Pieris rapae

(Linnaeus, 1758).

5.3.2 Dataset and Model Construction

The dataset, referred to as the “iCollection”, originally comprised ~120,000 images across 59
species, including the eight focal species (Paterson et al., 2016). Previous work identified
potentially mislabelled specimens within this dataset (Hollister et al., 2025). After removing
these, the dataset was reduced to ~105,000 images across the same 59 species. For model
development, 300 images per species were randomly sampled, of which 250 were used for
training and 50 for validation, resulting in 17,700 images in total. The remaining images (~87,300)

were used for testing and model evaluation. This random sampling and training process was
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repeated 10 times with different images to ensure that the results were not a one off and to show

the integrity of the workflow.

Image classification models were implemented in Python using the TensorFlow DL
framework. A modified VGG16 architecture (Simonyan and Zisserman, 2014) pre-trained on
ImageNet weights (Deng et al., 2009) was employed, with custom top layers added.
Hyperparameters were tuned during preliminary trials and subsequently fixed throughout.
Training followed a two-stage procedure: initially, all VGG16 layers were frozen and only the top
layers were trained for five epochs; Then, all but the lowest eight VGG 16 layers were unfrozen and
training continued until early stopping criteria were met, ensuring that only the best weights were
retained. Additionally, pairwise classifiers were then trained using the pruned dataset for each of

the four species pairs, with 10 iterations each.

5.3.3 Feature Analysis

Morphological descriptions were collated from three commonly used identification guides: The
Butterflies of Britain and Ireland (Thomas, 2020), Butterflies of Britain and Europe: A Photographic
Guide (Haahtela, 2019), and the Collins Butterfly Guide (Tolman, 2008). These are hereafter
referred to as BBI, BBE, and CBG respectively. Each contains transcriptions of morphological
based-identification methods for all 59 species using standard naming practises of features (Fig.

25).
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Figure 25. Diagram showing names of specific features and regions used within for transcriptions.

In addition, a large language model (LLM) was incorporated into this study as an independent
source of morphologicalinformation for comparison with the heatmaps. LLMs are trained on vast
datasets that typically include websites, books, and scientific papers (Liu et al., 2024b). Although
the exact sources used to train most models are not disclosed, it is likely that they embed
knowledge from the same body of literature consulted in this research. To date, however, there
have been no published studies that explicitly use LLMs in this way, and their inclusion here
therefore represents a novel approach. Many of the core identification resources for British
Lepidoptera consist of historic monographs, field guides, and long-established natural history
texts that are not subject to modern paywalls, increasing the likelihood that their content is

represented within large language model training corpora.

For this study the LLM Claude (Sonnet v4) (Anthropic, 2025) was selected to provide an
additional source of information for comparison with the heatmaps. Claude was chosen due to
its status as a top-tier LLM with demonstrated high performance on complex reasoning tasks

(Jiang et al., 2025). Claude was prompted with the following query for each pair of species:

“Can you describe the morphological differences between Species A and Species B with a focus

on the upper side of their wings, please?”

To assess the features utilised by the classifiers, two explainability techniques were

employed: Gradient-weighted Class Activation Mapping (Grad-CAM) (Selvaraju et al., 2020) and
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saliency maps (Simonyan et al.,, 2013). Grad-Cam uses the gradients flowing into the final
convolutional layers of the network to weight the importance of feature maps. These weighted
maps are then combined to produce a coarse localisation heatmap over the input image. Grad-
CAM therefore highlights broader regions that contribute most strongly to the classification
decision, rather than individual pixels. Saliency maps provide a pixel-level measure of
importance by calculating the gradient of the classification score with respect to each input pixel.
The resulting heatmap highlights the specific pixels where small changes would most strongly
influence the classifier’s output. Saliency maps therefore emphasise fine-scale image details

and are well suited to identifying localised features.

The resulting heatmaps were visually interpreted to determine which image regions were
highlighted, whether these highlighted areas corresponded to morphologically defining features
upon the specimens within the images, and the extent to which they aligned with descriptions
from the literature and Claude outputs. Example images and heatmaps for each species can be
seeninfigures 26 — 33 for the full classifier model (trained on 59 species) and the paired classifier

models (trained on each species pair).

5.4 Results

5.4.1 Model performances

Models trained on the unpruned dataset achieved a mean F1-score of 0.926 after 10 iterations.
After pruning potentially mislabelled specimens, mean performance increased to 0.996 across
10 iterations. Pruned datasets were therefore used in all subsequent analyses to preserve the
integrity of species-specific features. Using the pruned dataset, the following mean F1-scores

were obtained for the pairwise groups (Table 3).

Pairwise groups and their respective mean model performance after 10 iterations
Pairwise Group Mean F1-score
A. agestis vs. A. artaxerxes 0.954
B. euphrosyne vs. B. selene 0.994
C. croceus vs. C. hyale 0.993
P. brassicae vs. P. rapae 0.999

Table 3. Pairwise groups and their respective mean model performance after 10 iterations.
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5.4.2 Aricia agestis versus Aricia Artaxerxes

Full Classifier Paired Classifier

Original Grad-CAM Saliency Original Grad-CAM Saliency
Image Map Map Image Map Map

Figure 26. Four example specimens (A-D) of Aricia agestis with Grad-CAM and Saliency map images from both the full classification

model and the paired classification model.

Full Classifier Paired Classifier

Original Grad-CAM Saliency Original Grad-CAM Saliency
Image Map Map Image Map Map

Figure 27. Four example specimens (A-D) of species Aricia Artaxerxes with Grad-CAM and Saliency map images from both the full

classification model and the paired classification model.
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For A. agestis and A. artaxerxes, both the literature and Claude emphasise orange lunules (CBG
refers to them as “submarginal spots”), but the detail differs. In A. agestis, BBl notes that males
may show less defined lunules than females. Saliency maps from both full and paired classifiers
highlight the lunules, although this is less clear in specimen 26D (Fig. 26), where the markings are
faint. Paired classifier Grad-CAM maps also attend to the lunules, whereas full classifier Grad-
CAM maps do not. In A. artaxerxes, by contrast, the literature describes lunules as reduced or
absent on the hindwing, and Claude notes that they are less defined overall than in A. agestis.
Lunules are visible in specimens 27C and 27D (Fig. 27), but they are not highlighted in any Grad-
CAM maps. Saliency maps from the full classifier show some attention, while paired classifier
saliency maps avoid them entirely. The forewing discoidal spot further separates the species. In
A. agestis, neither the literature nor the heatmaps emphasise this feature, although faint dark
spots are visible on the forewings (Fig. 26). In A. artaxerxes, BBl and CBG describe the discoidal
spot as white, and all heatmaps highlight it in specimens 27A-C (Fig. 27). In specimen 27D (Fig.
27), where the marking is faint, the models instead attend to a nearby pinhead artefact of similar
size and colour. Wing shape is also described differently. Claude notes A. agestis as having “more
rounded” wings and A. artaxerxes as “more angular”. In A. agestis, both classifiers show attention
on the forewing apex and the outer hindwing margins. In A. artaxerxes, the two classifiers differ:
the full classifier shows attention on the costal margin, while the paired classifier highlights the

perimeter of the forewing apex.
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5.4.3 Boloria euphrosyne versus Boloria selene

Full Classifier Paired Classifier

Original Grad-CAM Saliency Original Grad-CAM Saliency
Image Map Map Image Map Map

Figure 28. Four example specimens (A-D) of species Boloria euphrosyne with Grad-CAM and Saliency map images from both the full

classification model and the paired classification model.

Full Classifier Paired Classifier

Original Grad-CAM Saliency Original Grad-CAM Saliency
Image Map Map Image Map Map

Figure 29. Four example specimens (A-D) of species Boloria selene with Grad-CAM and Saliency map images from both the full

classification model and the paired classification model.

For B. euphrosyne and B. selene, the literature provides limited information on the upperside. In

B. euphrosyne, CBG states that diagnostic characters are on the underside. In B. selene, all three
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sources (BBE, BBI, CBG) emphasise the underside, with no mention of upperside characters.
Claude gives descritipons for both species. In B. euphrosyne, BBl describes uniform upperside
markings with yellowish marginal spots in females and darker wing bases. BBE mentions the
presence of black triangular spots in the margins. BBE and Claude add that both sexes are similar.
Claude describes B. euphrosyne as brighter, with a tawny orange ground colour and sharper
black markings, and B. selene as duller, with blurred and less contrasted markings. However, the
heatmaps distinguish the two species. In B. euphrosyne, Grad-CAM maps from both classifiers
show attention on the submarginal areas of the hindwings and forewings. This is reflected in both
classifiers; however, the attention is more spread out in the paired classifier heatmaps. For the
B. euphrosyne specimens, there is also attention on the apices in both classifiers for the Grad-
CAM heatmaps. In the full classifier, the attention additionally spreads across the forewings and
hindwings, whereas in the paired classifier there is less attention in these areas. There is attention
on the hindwing area in the paired classifier for B. euphrosyne; however, this area was not
focused on in B. selene, despite being mentioned in the literature. For both species, the saliency
maps show focus on the marginal areas, and while not mentioned in the literature for B. selene,
this does match BBE’s description of triangular outer marginal spots in B. euphrosyne. Claude
mentions shape differences for both species. Both species present attention on the perimeter of
the apex; however, B. selene shows further attention along the perimeter of the hindwing outer

margin.
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5.44 Colias croceus versus Colias hyale

Full Classifier Paired Classifier

Original Grad-CAM Saliency Original Grad-CAM Saliency
Image Map Map Image Map Map

Figure 30. Four example specimens (A-D) of species Colias croceus with Grad-CAM and Saliency map images from both the full

classification model and the paired classification model.

Full Classifier Paired Classifier

Original Grad-CAM Saliency Original Grad-CAM Saliency
Image Map Map Image Map Map

Figure 31. Four example specimens (A-D) of species Colias hyale with Grad-CAM and Saliency map images from both the full

classification model and the paired classification model.
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For C. croceus and C. hyale, both the literature and Claude emphasise the submarginal regions.
In C. croceus, BBE, BBI, CBG, and Claude all describe the submarginal areas, noted as entirely
black in males and black with irregular yellow spots in females. Almost all Grad-CAM heatmaps
attend to these regions, except in specimens 30A and 30B of the paired classifier (Fig. 30). The
saliency maps from the paired classifier focus consistently on these areas across all images,
whereas the full classifier saliency maps do not. In C. hyale, BBE does not describe the upperside,
while CBG and Claude both note the submarginal areas as dark. Grad-CAM maps show some
attention to the forewing margins, and the paired classifier saliency maps also highlight these
regions, whereas the full classifier saliency maps do not. Forewing spots also distinguish the two
species. In C. croceus, Claude describes a black spot on the forewing, which is reflected in Grad-
CAM and saliency maps from the full classifier but is absent in the paired classifier maps. In C.
hyale, CBG and Claude note the forewing black discal spot, and all heatmaps show attention to
this feature. BBI further describes the wing bases as slightly darker. Only the paired classifier
Grad-CAM maps show some attention to these areas, while the full classifier and both saliency
maps do not. In C. croceus, all heatmaps show some focus on the hindwing orange oval spot,
with stronger emphasis in the paired classifier maps, although this feature is not mentioned in
the literature or by Claude. In C. hyale, the hindwing margins are greatly reduced or almost
absent, consistent with both the literature descriptions and the heatmaps. Wing shape is
mentioned by Claude for both species. In C. croceus, this is not reflected in the full classifier
maps, although both Grad-CAM and saliency maps from the paired classifier show attention on
the inner margins. In C. hyale, BBI and Claude also describe wing shape. The paired classifier
saliency maps show attention on the inner margin, and the full classifier saliency map shows a
small amount of attention in specimen 31C (Fig. 31). Neither Grad-CAM map shows consistent

attention to these features.
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5.4.5 Pieris brassicae versus Pieris rapae

Full Classifier Paired Classifier

Original Grad-CAM Saliency Original Grad-CAM Saliency
Image Map Map Image Map Map

Figure 32. Four example specimens (A-D) of species Pieris brassicae with Grad-CAM and Saliency map images from both the full

classification model and the paired classification model.

Full Classifier Paired Classifier

Original Grad-CAM Saliency Original Grad-CAM Saliency
Image Map Map Image Map Map

Figure 33. Four example specimens (A-D) of species Pieris rapae with Grad-CAM and Saliency map images from both the full

classification model and the paired classification model.

For P. brassicae and P. rapae, the literature, Claude, and the heatmaps all highlight diagnostic
differences on the forewings. In P. brassicae, BBE, CBG, and Claude all describe dark forewing
tips. Both Grad-CAM maps highlight these regions, although only the paired classifier saliency

maps show attention to them. In P. rapae, BBE, BBI, and Claude note that the black forewing
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margins are reduced and less intense. These margins are visible in the specimens, and while both
Grad-CAM maps show some attention to them, neither saliency map does. In P. brassicae, BBE
and Claude describe two black spots on the female forewing, and both Grad-CAM and saliency
maps from the full and paired classifiers highlight these spots when present. In P. rapae, BBE,
BBI, and Claude state that females have two spots, whereas males have one. All heatmaps
consistently focus on the single spot present in both sexes. For the second spot in females,
neither saliency map shows attention, while both Grad-CAM maps show only minor attention.
Claude notes that P. brassicae has “more rounded” wings, and both saliency maps show
attention to the costal margin, forewing outer margin, and inner margins. By contrast, Claude
describes P. rapae as “narrower and more pointed” compared to P. brassicae. The heatmaps
show no clear attention to wing shape or perimeter however both Grad-CAM maps display broad
focus across the fore- and hindwings without emphasising specific patterns, while both saliency

maps avoid these regions.

5.5 Discussion

This study examined whether CNN classifiers attend to the same morphological features that
humans use when distinguishing closely related butterfly species. By comparing two CV
explainability visualisation tools, Grad-CAM and saliency maps, with descriptions from three
standard identification guides and a large language model, we evaluated the extent to which
machine-derived attention aligns with human-based interpretation. Accordingly, the analyses
presented here are intended as an exploratory assessment of the extent to which machine
attention aligns with human-defined diagnostic characters and model-generated descriptions,

rather than as an exhaustive or definitive account of species-level butterfly morphology.

Across all species examined, most attention highlighted by the heatmaps corresponded
with features discussed in the literature. Saliency maps consistently emphasised diagnostic
characters such as lunules, discoidal spots, and marginal markings. In contrast, Grad-CAM maps
more often displayed broad, region-level attention across the forewings or hindwings, with less
emphasis on discrete traits. This distinction reflects the underlying principles of the two methods:
saliency maps quantify pixel-level sensitivities, whereas Grad-CAM reflects gradients at the
feature-map level, producing coarser representations (Simonyan et al., 2013, Selvaraju et al.,

2016, Selvaraju et al., 2020).

The comparison also revealed areas of divergence between model attention and human

interpretation. In C. crocues, heatmaps consistently focused on hindwing orange oval spots,
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despite these not being mentioned in the literature or Claude outputs. Again, in P. rapae, the
Grad-CAM of both classifiers is showing a broad focus across the wings which is not mentioned
in the literature or from Claude. We also see focus on novel artefacts, that resemble features. In
A. artaxerxes, heatmaps highlighted a specimen pinhead that visually resembled a discoidal spot.
Such cases suggest that CNNs may incorporate features overlooked or previously considered
taxonomically irrelevant by humans, raising the possibility that explainability methods could
uncover underappreciated characters or even new delineating features. At the same time, they
highlight the need for caution, as models may also rely on spurious correlations introduced during

training or respond to non-biological artefacts (Geirhos et al., 2020, Hollister et al., 2025).

A clear distinction also emerged between paired and full classifiers. Paired classifiers
consistently produced more areas and pixels highlighted across both Grad-CAM and saliency
maps. In contrast, full classifiers, which were required to discriminate among 59 categories,
distributed their capacity across a broader set of features and decision boundaries. This
appeared to result in fewer visible regions of attention, although diagnostic features were still
highlighted. For example, in P. brassicae the full classifier saliency maps showed attention only
on the hindwing spots, whereas the paired classifier highlighted both the hindwing spots and the
forewing tips, with both traits referenced in the literature. Although the paired classifier heatmaps
did not always yield sharper diagnostic focus, the results suggest that restricting the task to two
categories enables the network to allocate additional internal resources to detecting multiple
defining features (Del Moral et al., 2022, Huh et al., 2016). This implies a trade-off: classifiers
trained on many species may be more effective at large-scale identification but reduce the
opportunity to emphasise traits specific to closely related taxa. However, it should be noted that
the full classifier model and the paired model classifiers resulted in almost equally high F1-scores

meaning their ability to correctly predict specimens was on par.

In addition, comparisons with Claude outputs highlighted further nuances. While Claude
often reiterated features described in the literature, it also emphasised traits such as wing shape
that were not consistently reflected in the heatmaps. Large language models such as Claude are
trained on vast quantities of data, including books, scientific journals, and other sources that may
contain morphologically defining features relevant to the species examined in this study, but
which were not present in the selected identification literature (Liu et al., 2024b). However, LLMs
are also known to amplify their outputs, adding additional details or generating incorrect
information in a process referred to as “hallucination” (Orgad et al., 2024; Ji et al., 2023). Some
LLMs have the capacity to search the web when prompted and provide cited sources, which can
lend greater transparency and credibility to their outputs (Shi et al., 2025; Liu et al., 2024a). For
the purpose of this study, such functionality was deliberately not used. Instead, the LLM was

restricted to a single, fixed prompt per species pair, without iterative refinement or external
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retrieval, in order to provide a controlled comparison between the model’s internalised
knowledge, the identification literature, and the CNN-derived heatmaps. It should be noted that
many contemporary “co-scientist” or agentic LLM systems rely on iterative prompting, retrieval-
augmented generation, and human-in-the-loop feedback to progressively refine outputs (Boiko
etal., 2023). The simplified use adopted here therefore reflects an intentionally conservative and
exploratory application of LLMs, aimed at contextual comparison rather than authoritative

morphological synthesis.

An important observation is that clear differences emerge in the heatmap attention
patterns between paired species, with species-defining features highlighted even when
specimens appear highly similar. For example, A. agestis and A. artaxerxes share many traits,
including overall colouration, orange lunules, forewing spots, and similarly coloured margins.
Despite this, the heatmaps revealed distinct focal regions: in A. agestis attention was
concentrated on the hindwing margins, whereas in A. artaxerxes it was directed towards the
costal margins. The models also differentiated spot patterns, showing little attention to the black
spots in A. agestis but highlighting the white spots in A. artaxerxes. Furthermore, stronger
attention was placed on the lunules of A. agestis compared with A. artaxerxes, even though these
markings occur in both species. These distinctions, combined with the high F1-scores achieved
by both paired and full classifiers, indicate that the models were able to capture and exploit
subtle morphological differences sufficient to accurately delineate between the various pairs. We
also see attention patterns of distinguishing features that vary between the species that also
show sexual differences. For example, in P. rapae and in P. brassicae females possess two spots
on their forewings. However, the males in P. brassicae do not contain this spot while the malesin
P. rapae can contain this spot. In P. brassicae, the attention of both heatmaps in both classifiers
focuses on both forewing spots in females, however, in P. rapae the attention only focuses onone
spot in females which is the same one that is present in some of the males. This therefore
provides evidence that specific features can be both focused on and ignored when similar
features are shared between morphologically similar specimens but also contain small but

unique features.

Overall, our findings reinforce previous work showing that CNNs can recover biologically
meaningful features from specimen images (Hollister et al., 2023) but extend this by
systematically comparing machine attention with human reasoning. The strong correspondence
between the heatmaps and diagnostic traits used by humans suggests that explainability
methods can be valuable tools for validating image-based classifiers in biodiversity research.
However, both Grad-CAM and saliency maps are constrained by their mathematical
formulations, and neither fully captures global structural traits such as wing shape or the whole

colour of the specimen. In addition, the analysis was restricted to four species pairs, and results
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may not generalise across other taxa or imaging conditions. It should also be noted that this
analysis only focused on the upper side of the wings whereas a lot of the literature specifically
noted that defining features can be easily obtained from the undersides. Furthermore, this type
of analysis did not take size into account, as all specimens were standardised to the same image
size during pre-processing, and it has been shown that some specimens of butterfly, while
visually similar in appearance, are measurably different in size (Hollister et al., 2025). However,
it could be equally argued that despite only having access to the upper side, or being unable to

differentiate size, the accuracy of the classifiers is extremely high (Table 3).

5.6 Conclusion

This study demonstrates that CNN classifiers attend to many of the same morphological features
that humans use to distinguish closely related butterfly species. Saliency maps showed the
strongest correspondence with field guide descriptions, while Grad-CAM maps revealed broader
regional focus. Paired classifiers highlighted more diagnostic features than the full classifier,
reflecting the trade-off between fine-grained discrimination and large-scale classification. While
broad classifiers remain valuable for large-scale species identification (Hollister et al., 2025),
pairwise or restricted classifiers can provide deeper insight into the traits underlying species
boundaries. LLMs such as Claude also show potential as complementary sources of
morphological descriptions, although their outputs require careful validation. Features such as
web-based reference retrieval may help ensure reliability in future applications. Overall,
explainability methods such as Grad-CAM and saliency maps can help bridge machine learning
and human interpretation in taxonomy. Their integration into biodiversity workflows offers
opportunities not only to validate model outputs, but also to identify cryptic traits (Pinho et al.,
2023), refine datasets (Wan et al., 2024), and enhance large-scale specimen curation (Hollister

etal., 2025).

Future work should extend this approach by applying it at scale to large museum
collections and across a wider range of taxa, while also incorporating alternative explainability
techniques and multimodal datasets and techniques (Bayoudh et al., 2022, Bayoudh, 2024).
Such developments would not only further validate the methodology but also support the
detection of misidentified specimens (Hollister et al., 2025), the recognition of cryptic taxa, the
discovery of overlooked morphological traits, and ultimately strengthen its value as a tool for both

CV research and biological discovery.
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Chapter 6 Conclusion

The overarching aim of this thesis was to investigate how CV and XAl can be applied to
morphological interpretation in biodiversity science. Traditional taxonomy, long reliant on expert-
led morphological observation, faces persistent difficulties that arise both from biology and from
practice. Morphological difficulties include cryptic similarity and phenotypic plasticity, while
practical constraints such as mismanagement and overburdened workloads can lead to
misidentifications (Bickford et al., 2007; Hebert et al., 2004; Meyer and Paulay, 2005). Atthe same
time, molecular approaches have uncovered hidden diversity but often leave unanswered the
question of which visible traits distinguish lineages (Dayrat, 2005; Padial et al., 2010). This creates
a critical gap between genotype and phenotype that hampers integrative biodiversity research.
The central hypothesis tested here was that CV models, when coupled with XAl methods, could
not only achieve high classification accuracy but also visualise morphological signals in ways that
are transparent, interpretable, and scalable. By combining DL with heatmap-based
interpretability methods (Simonyan et al., 2013; Selvaraju et al., 2020), this work aimed to assess
whether Al-based approaches could complement, or in some cases surpass, traditional

identification workflows, while still remaining interpretable to human experts.

6.1 Review of Key Findings

In Chapter 2, CNNs were trained on dorsal and ventral images of limpets from the Baja California
peninsula, achieving accuracies (97.9%) marginally higher than expert human identifications
(97.5%), and doing so at speeds unattainable for a human (Hollister et al., 2023). Heatmap
visualisations confirmed that model attention corresponded to diagnhostic features recognised by

ecologists, providing reassurance that classifiers could focus on biologically meaningful regions.

In Chapter 3, CV was applied to digitised butterfly collections, where a workflow for flagging
mislabelled specimens was developed (Hollister et al., 2025). This directly addressed a critical
challenge in NHCs, where errors can propagate into downstream biodiversity analyses (Goodwin
et al., 2015) and showed that automated screening can provide scalable solutions for dataset
integrity while also laying the groundwork for how the different scientific disciplines of visual

taxonomy, genetics, and CV can work in harmony.
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Chapter 4 examined genetically distinct but morphologically similar limpet clades. Models
achieved high accuracy in distinguishing clades, and saliency maps highlighted consistent shell
regions potentially linked to evolutionary adaptations (e.g., the keyhole shape in F. volcano); This
created an opportunity to extract significant empirical evidence and showed that even when
phenotypic differentiation is subtle and invisible to human observers, it can nonetheless be
recovered and visualised through Al, offering a route to help bridge the gaps between genotype

and phenotype (Pfenninger and Schwenk, 2007; Padial et al., 2010).

Finally, Chapter 5 compared the attention from heatmaps with traits defined by experts and
described in the taxonomic literature for closely related British butterfly species, as well as with
the internal knowledge of a large language model (LLM). Areas of overlap were evident and
abundant, with features highlighted in common across the literature, the LLM, and the classifier.
However, differences also emerged: heatmaps occasionally highlighted regions not mentioned
in the literature, which could represent overlooked diagnostic traits but could equally reflect
attention to novel artefacts in the images. Despite these differences, high F1 scores were
achieved, demonstrating that models can accurately distinguish between closely and
morphologically similar species while capturing discriminative features consistent with expert-
derived traits and highlighting new areas of potential interest (Waldchen et al., 2022; Behrens et
al., 2023). This underscores both the promise and the challenge of XAl where models may detect
meaningful signals not emphasised in human taxonomy, raising questions about how such traits

might be incorporated into formal diagnoses.

6.2 Synthesis of Chapters

When considered together, the data chapters show how CV and XAl can contribute to taxonomy
and biodiversity science by combining accuracy, scalability, and interpretability in ways that
traditional methods cannot. Across both limpets and butterflies, models consistently matched
or exceeded expert performance (Hollister et al., 2023, 2025), doing so with vastly greater
efficiency and at a scale that far outpaces the practical limits of human identification. This
highlights a fundamental difference between humans and machines: whereas expert
performance is constrained by fatigue, workload, and time pressure, well-designed CV models
can operate indefinitely at peak accuracy and without subjective bias. For example, in Chapter 2
the expert involved noted that their misidentifications were most likely linked to fatigue during
extended periods of classification (Hollister et al., 2023). Similarly, in Chapter 3, several of the
mislabels flagged by the CV pipeline were traced to human error, spanning multiple generations

of Lepidoptera curation and extending into modern departments, including digitisation and data-
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hosting teams (Hollister et al., 2025). This demonstrates that, even when many experts and
departments are involved, human-based errors remain inevitable, and therefore an independent,
systematic system for specimen classification and validation offers the potential to become a

valuable safeguard if utilised correctly.

When incorporating heatmaps into the analytical pipeline (Simonyan et al., 2013; Selvaraju
et al., 2020), model predictions went from being blindly reported as being highly accurate to
becoming linkable to visible features from model outputs, thereby acting as a form of model
validation. This demonstrates that DL does not have to remain a “black box” (Rudin, 2019; Von
Eschenbach, 2021) and that, with the right tools, the visual features underpinning predictions can
be made transparent and available for expert scrutiny (Aysel et al., 2025, Doshi-Velez and Kim,
2017). In the case of limpets in Chapters 2 and 4, this provided reassurance that models were
attending to traits already considered taxonomically meaningful, such as the keyhole, ridges, and
perimeter shape (Simison and Lindberg, 2003; Crummett and Eernisse, 2007; Hollister et al.,
2023). Similarly, in chapter 3 and 5, attention maps highlighted traits on butterflies long
recognised in taxonomy, such as wing spots and lunules (Tolman, 2008, Haahtela, 2019 Thomas,
2020,). Having a toolset that can explicitly define the features distinguishing specimens has
important implications for taxonomy: it can be used to verify identifications alongside human
expertise, to highlight diagnostic features in newly described species, or has the potential to

support the creation of identification keys for taxa lacking dedicated experts (Padial et al., 2010).

In Chapters 2 and 5, clear differences in the allocation of heatmap attention between
closely related and visually similar species and genus pairs were presented and discussed. For
instance, figure 5 in chapter 2 shows Grad-CAM images for F. rubropicta and F. volcano. Even
though both are similar in appearance, a clear difference in the allocation of features via the
heatmaps is evident with the area around the keyhole being highlight for F. rubropicta whereas
the keyhole is highlighted for F. volcano. This was suggested to be due to having more pronounced
ribbing F. rubropicta, although this was not further interrogated (Hollister et al., 2023). Again, in
chapter 5, in the P. brassicae and P. rapae comparison there are differences between the two
species heatmap allocations. Both species females can have two spots on their forewing,
however, the malesin P. rapae can contain one spotwhile the males in P. brassicae contain none.
This appears to be distinguishable as the heatmaps for P. rapae highlight only the spot present on
both sexes but highlight both for the females in P. brassicae. Furthermore, Chapter 2 was able to
assign statistical significance to these differences using heatmap intensity values obtained by
aggregating the values of each pixel when scored based on brightness (Fig. 8) (Hollister et al.,
2023). By contrast, in Chapter 4, when observing clades within the same species, heatmaps
highlighted the same features across clades (for example, the keyhole in F. volcano), suggesting

no difference. Yet, once further interrogation of these highlighted features was carried out using
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shape analysis, clear and statistically significant differences were revealed. This means that XAl
can both validate existing taxonomic characters and guide more detailed morphological

analyses, helping to uncover subtle forms of divergence that may otherwise be overlooked.

In addition to qualitative inspection of attention maps, Chapter 2 also explored a simple
quantitative summary of model attention using heatmap intensity values, obtained by
aggregating pixel-level brightness across each heatmap and comparing distributions between
classes. This provided an initial, statistically tractable way to test whether model attention
differed systematically between taxa, and offered a potential route for using attention summaries
as a secondary diagnostic signal (for example, to flag predictions that fall outside typical intensity
ranges for a given class). However, this approach was treated as exploratory and was not pursued
as a primary analytical thread in subsequent chapters. Attention intensity is sensitive to choices
in normalisation, image framing, and background structure, and may conflate changes in
localisation with changes in overall map magnitude, limiting comparability across datasets,
architectures, and imaging regimes. Later chapters therefore prioritised the spatial localisation
of attention and, where necessary, direct extraction of interpretable morphology from highlighted

regions, rather than relying on global heatmap-intensity summaries.

At the same time, Chapters 3 and 5 revealed instances where models attended to novel
artefacts rather than diagnostic features. In Chapter 3, for example, early testing showed that
models sometimes focused on specimen labels instead of the specimens themselves (Hollister
et al., 2025). This artefactual attention was subsequently corrected through preprocessing steps
where images were cropped to remove these labels, illustrating the value of explainable methods
for identifying and mitigating such issues. In chapter 5, attention was shown to focus on a pin
head that closely resembled the marking of the species of butterfly it was assessing. These
findings demonstrate the utility of XAl not only for validating model predictions but also how it can
be used for improving dataset quality by revealing hidden artefacts. Data quality is one of the key
determinants of robust Al models (Murdoch et al., 2019) and having a tool that can flag attention
issues before full-scale training could not only lead to better model performance but also reduce

costs by avoiding wasted computation on flawed data.

6.3 Limitations

Despite these advances, several limitations must be acknowledged. All analyses relied on
curated digital images, whether of museum specimens or field-collected material, which

introduces biases in terms of image quality, consistency, and the accuracy of existing
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identifications (Wan et al., 2024). Historical mislabelling in collections is well documented
(Goodwin et al., 2015), and even with careful verification, such errors can propagate into training
datasets and influence model performance (Radsch et al., 2023). In Chapter 3 we also observed
that the iCollections dataset was not only constructed by curators, which could have introduced
errors, but also by digitisers and staff uploading images, all of whom contributed mistakes that
the pipeline was able to highlight. Such issues could potentially influence the results presented
here but also affect the work of others who download and reuse these digital datasets. However,
in Chapter 5 we also see that by removing possible mislabels within datasets, the potential
accuracy of models can be substantially increased, demonstrating how careful filtering and error

correction can markedly improve performance.

Interpretability itself also carries significant caveats. Although heatmaps provide
visualisations of model attention (Simonyan et al., 2013; Selvaraju et al., 2017), they do not imply
that the Al ‘understands’ what it is observing, input is only numbers and patterns. For example,
Adebayo et al. (2018) showed that some saliency methods are insensitive to model parameters
or training data, producing identical explanations even when the model was randomised.
Similarly, Szczepankiewicz et al. (2023) found that method reliability varies strongly with dataset
and architecture. These methods are therefore best treated as heuristic guides that require
corroboration from taxonomic expertise (Murdoch et al., 2019; Pichler and Hartig, 2023), rather
than as definitive explanations of model reasoning. They provide useful visual cues, but they can
also mislead if not properly diagnosed, particularly in cases where external morphology is subtle,

varied, or where imaging artefacts dominate.

Equally, while limpets and butterflies provided tractable case studies due to their
availability of specimens and existing taxonomic frameworks, it remains uncertain how well these
approaches will generalise to taxa with less distinctive morphology or with lower sample sizes
(Trail, 2021). There may be fundamental limits to what CV can achieve: some groups may simply
exhibit too little external morphological divergence for image-based models to consistently
separate them, regardless of dataset size or algorithmic refinement. In such cases, even the best
CV methods may plateau in performance. For these taxa, molecular or anatomical data will
remain essential for reliable delimitation, with CV serving primarily as a complementary tool for

flagging candidate divergences rather than providing definitive identifications.

The CV models and methods used within this thesis do not always transfer easily to new
specimens or taxa. The models developed in all chapters were specific to the specimens they
were trained on. As soon as a new species or group is introduced, the existing model will
misclassify it into one of the classes it already knows. Each time new taxa are added, retraining

would be required, rendering earlier models partially redundant. There are also practical limits on
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how many classes a single CV model can robustly incorporate. Studies show that as the number
of categories increases, classification accuracy declines unless per-class sample sizes are very
large (Luo et al., 2019). Likewise, as the number of classes grows, networks exhibit increasing
confusion between similar categories, reflecting the difficulty of learning complex class
hierarchies (Alsallakh et al., 2017). Amodel encompassing every species in the world is therefore
unachievable; instead, many smaller, taxon- or context-specific models will be required, with
knock-on effects for dataset management, storage, computational cost, and long-term

maintenance (Barbedo, 2018; Blair et al., 2024).

While the high accuracies obtained in this thesis using 2D images are encouraging, it is
important to recognise that 2D views inherently limit the information available. For example, in
the butterfly studies only the upper side was visible; features on the underside, wing edges, or
lateral aspects were obscured. In Chapter 5, the taxonomic literature highlighted precisely these
areas as containing key diagnostic information, with some sources even stating that underside
characters alone could be used to distinguish certain species or groups. Moreover, when
handling a specimen physically, a taxonomist can examine minute traits from all angles, detect
tactile qualities such as texture or rigidity, and manipulate parts to view hidden structures, none
of which are accessible via static 2D images, which again emphasises the need for a human in
the loop workflow. By contrast, systems designed to generate 3D models (Nguyen et al., 2017)
show that capturing specimens from multiple angles reveals additional geometric and structural
information that improves resolution of diagnostic traits. Nonetheless, the high accuracies
achieved with 2D images in this thesis, particularly when specimens had already been physically
curated and prepared, suggest that for many taxa such limited views may still be sufficient for

classification tasks, albeit with important caveats.

Finally, practical challenges remain around computational resources and reproducibility.
Training DL models is resource-intensive, which may limit uptake in institutions without access
to high-performance computing (Ahmed et al., 2024). Biodiversity studies also vary widely in how
transparently they report data partitioning, model training, and code availability (Lipton, 2018;
Zhou etal., 2021). At present, it remains unresolved whether attention visualisations consistently
map to stable morphological traits across taxa, or whether they sometimes highlight artefacts of
imaging. Similarly, while classifiers can recover subtle morphological variation that may be linked
to genetic divergence, it is unclear whether such differences are universally interpretable within
existing taxonomic frameworks. These knowledge gaps highlight the need for systematic cross-
taxon evaluations of explainable models, as well as rigorous tests of whether Al-derived traits can

be formalised into diagnhoses or linked directly to functional or ecological significance.
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6.4 Future Directions

First, there is a clear opportunity to scale the explainable CV workflow across other specimen
types now being digitised at pace by major repositories; pinned insects, herbarium sheets, slide-
mounted preparations, and microfossils, and particularly those where the majority of diagnostic
information is captured in two dimensions (Blagoderov et al., 2012; Nelson and Ellis, 2019).
Chapters 2, 4 and 5 have demonstrated that interpretable heatmaps can focus on biologically
meaningful characters (Hollister et al., 2023), and in analogous 2D contexts the same pipeline
should transfer with only minor adjustments. As museums continue to release large,
standardised image datasets, the throughput and comparability required for multi-taxon
deployment are increasingly available, and this thesis shows that such deployments can return

actionable curatorial and taxonomic value at scale (Hollister et al., 2025).

A further avenue lies in extending explainable CV beyond single-plane 2D imaging to
encompass whole specimens through multi-angle or 3D reconstructions. Current pipelines rely
on dorsal or frontal views, which inevitably obscure key characters located on ventral surfaces,
lateral aspects, or internal structures, as highlighted in Chapter 5 where underside wing features
were central to taxonomic diagnoses. In contrast, 3D imaging technologies such as
photogrammetry, structured light scanning, or micro-CT allow specimens to be rotated,
examined from all directions, and even measured volumetrically, recovering traits inaccessible
to flat images (Nguyen et al., 2017; Falkingham, 2012). Recent work in natural history digitisation
shows that multi-view imaging can improve trait resolution and model robustness, particularly
for groups where shape and curvature carry diagnostic value (Younis et al., 2020; Lurig et al.,
2021). For XAl, 3D data would make it possible to localise attention across entire surfaces, link
highlighted regions directly to geometric descriptors, and explore new dimensions of
morphological variation. Integrating these approaches would not only improve classification
accuracy but also align computational pipelines more closely with the holistic way taxonomists
interact with specimens, inspecting from all angles, manipulating features, and weighing multiple

traits simultaneously.

From a technical perspective, the next step is to strengthen the link between attention
visualisations and quantitative morphology. Saliency and Grad-CAM provide intuitive ‘where’
signals (Simonyan et al., 2013; Selvaraju et al., 2020) but coupling them with segmentation-based
extraction of shapes or subregions, as trialled in Chapter 4 (keyholes in F. volcano clades), would
convert qualitative heatmaps into measurable traits that can be compared among individuals,
populations, and clades. This would enable formal tests of whether highlighted regions align with

established diagnostic structures or reveal new, consistent characters, moving explainability
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from post-hoc illustration towards a reproducible framework. In parallel, dataset-refinement
practices such as active curation loops that can highlight mislabels should be utilised as
standard practice within museums and NHCs to ensure that models become both more accurate

and more trustworthy, particularly for legacy datasets (Goodwin et al., 2015).

Another priority is integrative biology: using interpretable CV to bridge genotype and
phenotype. The clade-based analyses here show that networks can detect subtle, spatially
consistent divergence that aligns with independent genetic structure (Pfenninger and Schwenk,
2007; Padial et al., 2010). A natural extension is to pair heatmap-guided traits with targeted
genomic sampling to test whether the highlighted regions map to loci involved in development or
to environmental gradients implicated in local adaptation (Van Belleghem et al., 2021). Equally,
future work must recognise that in some groups external divergence will remain minimal: for
these taxa, hybrid pipelines that combine interpretable CV with molecular or anatomical data will

remain essential for robust delimitation.

Finally, usability and reproducibility should be primary goals. Purpose-built interfaces that
present predictions, uncertainty, and heatmaps alongside voucher metadata will make
verification faster and more transparent, helping curators without overwhelming staff time
(Hollister et al., 2025; Von Eschenbach, 2021). The field would benefit from lightweight, shareable
reporting standards that cover train/validation/test partitions, augmentation regimes, XAl
settings, uncertainty calibration, and code availability, making results reproducible across
institutions with differing resources (Lipton, 2018; Zhou et al., 2021). Together, these directions
aim to deliver interpretable CV thatis not only accurate in the lab but a dependable and genuinely

useful tool within the day-to-day work of NHCs.

6.5 Broader Implications

The potential applications extend beyond taxonomy and collections. As biodiversity monitoring
intensifies under global change, the capacity to extract and validate morphological signals at
scale could provide indicators of population level differences in morphology, which would be
particularly important for populations that are under ecological stress or are genetically unique.
Interpretable CV pipelines therefore hold promise not only for systematics but also for
conservation planning, environmental assessment, and the preservation of biodiversity
baselines in a rapidly changing world. At the same time, explainability addresses a central socio-
technical concern in biodiversity informatics: trust. By making explicit which pixels and areas

drive a decision, heatmap-guided workflows offer a common language for collaboration between
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modellers and domain experts, turning model outputs into hypotheses about morphology rather
than inscrutable labels (Doshi-Velez and Kim, 2017; Rudin, 2019). As these methods propagate
through museums and research groups, transparent reporting and dataset-refinement practices
will be essential to ensure that speed does not come at the expense of rigour (Murdoch et al.,
2019; Pichler and Hartig, 2023). In combination, these developments point towards a future in
which expert knowledge and machine inference reinforce one another: curators and taxonomists
define the questions and make final decisions on model outputs, while models deliver scale,
consistency, and highlight candidate morphological features (Waldchen et al., 2022; Behrens et

al., 2023).

At atime when biodiversity is declining at unprecedented rates and the demand for reliable,
large-scale data is greater than ever, the ability to combine CV with XAl offers a timely
contribution. NHCs, once considered static archives, are being transformed into dynamic
research infrastructures through digitisation (Blagoderov et al., 2012; Nelson and Ellis, 2019). Yet
these vast image datasets require methods that can both scale and explain their outputs if they
are to inform ecological baselines, conservation priorities, and evolutionary research. The work
presented here demonstrates that interpretable CV can help meet this challenge: by accelerating
identifications, improving data quality, and revealing previously hidden morphological signhals,
while contributing to the broader goal of sustaining biodiversity in an era of rapid global change

(Bickford et al., 2007).

6.6 Concluding Remarks

This thesis has shown that CV and XAl can move beyond proof-of-concept demonstrations and
become practical tools for taxonomy, biodiversity informatics, and NHCs. Across multiple taxa
and contexts, DL models were able to classify specimens with accuracy that matched or
exceeded expert performance (Hollister et al., 2023), while attention visualisations confirmed
that these predictions were grounded in morphological features rather than opaque artefacts
(Simonyan et al., 2013; Selvaraju et al., 2020). By applying interpretable pipelines to mislabelling
detection, cryptic species, and human-machine comparison, this work has demonstrated that
Al can not only help accelerate large-scale identifications but also surface new, reproducible

insights into the morphology of organisms.

As digitisation expands into the tens of millions of specimens worldwide (Blagoderov et al.,
2012; Nelson and Ellis, 2019), the bottleneck is no longer data generation but data interpretation.

Automated pipelines that can audit, annotate, and explain images will be essential for
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maximising the value of these resources. At the same time, integrative biology increasingly
depends on bridging the gap between molecular datasets and observable form. By revealing
subtle, spatially consistent morphological variation that aligns with genetic structure (Pfenninger
and Schwenk, 2007; Padial et al., 2010), XAl provides a route towards uniting phenotype with
genotype at a scale thatis otherwise impossible. Yet the broader lesson is that speed alone is not
enough. Trust, transparency, and reproducibility are critical for adoption in biodiversity science.
The work here reinforces the argument that Al must be interpretable if it is to be integrated into
ecological and taxonomic workflows (Doshi-Velez and Kim, 2017; Rudin, 2019). By making
explicit which traits underpin decisions, heatmap-guided models can act as a shared language
between algorithms and experts, ensuring that automation remains accountable to biological
reality. In this sense, Al does not displace expertise but amplifies it, highlighting patterns invisible
to the human eye while allowing taxonomists to validate, question, and extend those patterns

within existing frameworks (Waldchen et al., 2022; Behrens et al., 2023).

In conclusion, this thesis demonstrates thatinterpretable Al is not only a technical advance
but a new way of seeing morphology, one that extends the reach of NHCs, sharpens the practice
oftaxonomy, and provides reproducible baselines for the stewardship of biodiversity. Atthe same
time, it is important to recognise that CV will not provide universal solutions, and molecular or
anatomical evidence will remain essential. Rather than replacing such approaches, interpretable
CV should be viewed as a complementary tool, one that accelerates large-scale identifications,
uncovers hidden patterns, and integrates seamlessly with other lines of evidence to strengthen

the study and conservation of biodiversity.

123



Appendix A

Appendix A Funding

Genome skimming was done within Biodiversity Genomics Europe (Grant
no.101059492) which is funded by Horizon Europe under the Biodiversity, Circular
Economy and Environment (REA.B.3); co-funded by the Swiss State Secretariat for
Education, Research and Innovation (SERI) under contract number 22.00173; and by the
UK Research and Innovation (UKRI) under the Department for Business, Energy and

Industrial Strategy’s Horizon Europe Guarantee Scheme.
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Appendix B Supplementary Data
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F1-Score Distribution (Full test set)
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Supplementary figure 2. box plots for model combination F1-scores across 100 runs for the full-test datasets. Blue boxes are the
clade-based models per species and orientation, and the red boxes are the mixed-group controls. For each species and orientation,

the F1-scores are significantly greater for the clade-based models compared to the mixed-group controls.
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Supplementary figure 3. Karcher-means shape for all locations of Fissurella volcano specimens.
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Number of limpets sampled per location and clade allocations per species (FV = Fissurella volcano; LC = Lottia conus; LG
= Lottia gigantea; LS = Lottia strigatella). All specimens sampled in the field were collected in 2023. LACM is the Los

Angeles County Museum of Natural History.

Species Location Sampled Number Clade Latitude Longitude

FV La Chorera Field 39 South 30.47 -116.06
FV Balboa Bay LACM 5 North 33.58 -117.86
FV Crystal Cove Beach LACM 7 North 33.57 -117.84
FV LaJolla LACM 34 North 32.83 -117.28
FV Laguna Beach LACM 42 North 33.54 -117.79
FV Little Corona Beach LACM 6 North 33.59 -117.87
FV Palos verdes Peninsula LACM 27  North 33.74 -118.42
FV San Onofre Reef LACM 10  North 33.37 -117.56
FV San Pedro LACM 70  North 33.70 -118.29
FV Bahia Ascuncion Field 97 South 27.12 -114.26
FV Bahla Santa Maria LACM 8 South 24.76 -112.27
FV La Alemana Field 16  South 29.95 -115.75
FV Punta Abreojos Field 114  South 26.70 -113.55
FV Punta Baja Field 20 South 29.95 -115.81
FV Punta Marquez LACM 3  South 23.96 -110.87
FV Punta Pequena LACM 23  South 26.23 -112.50
FV Punta Rompiente LACM 38 South 27.68 -114.93
FV San Juanico Field 36 South 26.23 -112.50
FV Thurloe Head LACM 4  South 27.62 -114.85
LC Encinitas LACM 4  North 33.04 -117.30
LC San Pedro LACM 51  North 33.70 -118.29
LC LaJolla LACM 9 North 32.83 -117.28
LC Lunada Bay LACM 7 North 33.77 -118.43
LC Venice LACM 30 North 33.97 -118.45
LC Santa Monica LACM 32 North 34.00 -118.49
LC Campo Kennedy Field 92 North 31.70 -116.68
LC La Chorera Field 42 North 30.47 -116.06
LC UABC Field 59 North 31.86 -116.67
LC Punta Baja Field 50 North 29.95 -115.81
LC Bahia Ascuncion Field 117  South 27.12 -114.26
LC Punta Abreojos Field 167 South 26.70 -113.55
LC San Juanico Field 400 South 26.23 -112.50
LC Millers Landing LACM 2  South 28.47 -114.05
LC Punta Abreojos LACM 14  South 26.70 -113.55
LC Punta Pequena LACM 3  South 26.23 -112.50
LC Punta Rompiente LACM 26 South 27.72 -115.02
LG Bahia Ascuncion Field 95  South 27.12 -114.26
LG Punta Abreojos Field 54  South 26.70 -113.55
LG Cabo Thurloe LACM 1  South 27.62 -109.92
LG Pta Pequena LACM 4 South 26.23 -112.50
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LG Shale Reef_Carpenteria LACM 3 North 34.39 -119.52
LG Topanga LACM 6 North 34.03 -118.61
LG Hazard Canyon LACM 3 North 35.29 -120.88
LG Pacific Grove LACM 16  North 36.62 -121.92
LG Thurloe Bay LACM 15  South 27.62 -109.92
LG Crescent City LACM 10  North 41.75 -124.20
LG Granite Creek LACM 6 North 36.43 -121.91
LG Waddell Beach LACM 2 North 37.12 -122.28
LG Santa Monica LACM 13  North 34.00 -118.49
LG Franklin Point LACM 1 North 37.65 -86.87
LG Venice LACM 36 North 33.97 -118.45
LG Santa Barbara LACM 8 North 34.42 -119.70
LG Morro Bay LACM 27 North 35.33 -120.85
LG Punta Eugenia LACM 3  South 27.85 -115.08
LG Punta Rompiente LACM 7  South 27.68 -115.02
LG Morro Rock LACM 3  North 35.33 -120.87
LG Pt Dume LACM 27  North 34.00 -118.81
LG Pt Reyes LACM 1 North 38.00 -122.99
LG Punta San Hipolito LACM 3  South 26.98 -113.98
LG Thurloe Head LACM 1  South 27.62 -114.85
LG Venice Breakwater LACM 3 North 33.97 -118.45
LG San Mateo LACM 1 North 37.65 -122.33
LG Elwood Pier LACM 3 North 34.42 -119.92
LG Anchorage isla Ascuncion LACM 4 South 27.10 -114.29
LS Bahia Ascuncion Field 65 North 27.12 -114.26
LS La Alemana Field 33 North 29.95 -115.75
LS Punta Abreojos Field 79 North 26.70 -113.55
LS Campo Kennedy Field 25 North 31.70 -116.68
LS Punta Baja Field 42 North 29.95 -115.81
LS San Juanico Field 65 North 26.23 -112.50
LS UABC Field 15  North 31.86 -116.67
LS Pozo De Cota Field 115  South 23.02 -110.10
LS Punta Marquez Field 470  South 23.96 -110.87

Supplementary table 1. Number of limpets sampled per location and clade allocations per species (FV = Fissurella volcano; LC =
Lottia conus; LG = Lottia gigantea; LS = Lottia strigatella). All specimens sampled in the field were collected in 2023. LACM is the Los

Angeles County Museum of Natural History.
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