£ BAS
G 4%

% 2 L
eI

G A
UNIVERSIDAD NACIONAL DE COLOMBIA

A computational model for interpretable
visual category discovery of foliar shapes

Modelo computacional para el
descubrimiento interpretable de
categorias de formas foliares

Jorge Enrique Victorino Guzman

Universidad Nacional de Colombia
Facultad de Ingenieria, Departamento de Ingenieria de Sistemas e Industrial
Bogoté, Colombia
2023






A computational model for interpretable
visual category discovery of foliar shapes

Jorge Enrique Victorino Guzman

Thesis submitted as requirement to obtain a:
Ph.D. en Ingenieria de Sistemas y Computacion

Advisor:
Francisco Albeiro Gémez Jaramillo, Ph.D.

Computational Modelling of Biological Systems (COMBIOS)

Universidad Nacional de Colombia
Facultad de Ingenieria, Departamento de Ingenieria de Sistemas e Industrial
Bogoté, Colombia
2023






Dedication

To my family

To my mother, who has always been my rock and
my inspiration. To my wife, who has supported
me through every step of this journey and al-
ways believed in me. And to my son Sebastian,
the light of my life and the reason I strive to be
better every day. This thesis is dedicated to all
of you, with love and gratitude.






Acknowledgements

I want to express my deepest gratitude to my thesis advisor, Francisco, for his dedication
and invaluable knowledge that he has shared with me throughout this process. His guidance
and support have been instrumental in the completion of this thesis.

I also want to extend my thanks to the Universidad Central, and its Programa de Desar-
rollo Profesoral, for providing me with the resources and support needed to complete this
research. | am grateful for the opportunity to work with such a renowned institution and
for the support provided by the faculty and sta throughout my studies.

I am forever grateful for all the support and hard work of my advisor, Francisco, and the
University, for helping me make this thesis a reality.






Publications

Publications

Journals

e Victorino, J., and Gomez, F. (2019). “Contour analysis for interpretable leaf shape
category discovery”. Plant methods, 15(1), 1-12.

e Victorino, J., Rudas, J., Reyes, A.M., Pulido, C., Chaparro, L.F., Estrada, C.,
Narvaez, L.A. and Gomez, F. (2021). “Highly Sessional Aggressive Behaviors Link to
Temporal Dynamics Shared Across Space”. IEEE Access, 9, 165072-165084.

e Chaparro, L. F., Pulido, C., Rudas, J., Victorino, J., Reyes, A.M., Estrada, C.,
Narvaez, L.A. and Gomez, F. (2021). “Quantifying Perception of Security Through
Social Media and Its Relationship With Crime”. IEEE Access, 9, 139201-139213.

e Villamil, J., Victorino, J., and Gomez, F. (2021). “The eledt of mobile camera
selection on the capacity to predict water turbidity”. Water Science and Technology,
84(10-11), 2749-2759.

Proceedings

« Victorino, J., Rudas, J., Reyes, A. M., Pulido, C., Chaparro, L. F., Narvéaez, L. A.,
Martinez, D., and Gémez, F. (2020, December). “Spatial-temporal patterns of aggres-
sive behaviors. A case study Bogotd, Colombia”. In 2020 IEEE/ACM International
Conference on Advances in Social Networks Analysis and Mining (ASONAM) (pp.
667-672). IEEE.

e Victorino, J., Barrero, M., Rudas, J., Pulido, C., Chaparro, L., Estrada, C., Narvaez,
L. A. and Gomez, F. (2022, February). “Prediction based on time series of aggressive
behaviors. A case study Bogota, Colombia”. In 2022 International Symposium on
Electrical, Electronics and Information Engineering (ISEEIE) (pp. 114-119). IEEE.

= Chaparro, L. F., Pulido, C., Rudas, J., Reyes, A. M., Victorino, J., Narvaez, L. A.,
Martinez, D., and Gémez, F. (2020, December). “Sentiment analysis of social network
content to characterize the perception of security”. In 2020 IEEE/ACM International
Conference on Advances in Social Networks Analysis and Mining (ASONAM) (pp.
685-691). IEEE.

 Pulido, C., Reyes, A. M., Rudas, J., Victorino, J., Martinez, D., Narvéez, L. A., and
GoOmez, F. (2020, November). “An evolutionary algorithm for reducing fear of crime”.



In 2020 7th International Conference on Behavioural and Social Computing (BESC)
(pp. 1-6). IEEE.

« Reyes, A. M., Rudas, J., Pulido, C., Victorino, J., Martinez, D., Narvéez, L. A., and
Gomez, F. (2020, November). “Characterization of temporal patterns in the occurrence
of aggressive behaviors in Bogota (Colombia)”. In 2020 7th International Conference
on behavioral and social computing (BESC) (pp. 1-4). IEEE.

e Rudas, J., Reyes, A.M., Pulido, C., Chaparro, L.F., Victorino, J., Narvaez, L. A,,
Martinez, D. and Gémez, F. (2020, December). “Consistent spatial decomposition of
temporal occurrence of aggressive behaviors: A case study in Bogota, Colombia”. In
2020 IEEE/ACM International Conference on Advances in Social Networks Analysis
and Mining (ASONAM) (pp. 715-719). IEEE.

» Reyes, A. M., Rudas, J., Pulido, C., Chaparro, L. F., Victorino, J., Narvéaez, L. A.,
Martinez, D., and Gomez, F. (2021). “Multimodal prediction of aggressive behavior oc-
currence using a decision-level approach”. In 11th International Conference of Pattern
Recognition Systems (ICPRS 2021) (pp 163 &€* 169).

= Chaparro, L.F., Pulido, C., Rudas, J., Reyes, A.M., Victorino, J., Narvéaez, L. A.,
Martinez, D., and Gomez, F., (2021, May). “Interpretability Of The Perception Of
Security Based On Tweets Content”. In 2021 International Conference on Applied
Avrtificial Intelligence (ICAPAI) (pp. 1-6). IEEE.

« Pulido, C., Chaparro, L. F., Rudas, J., Victorino, J., Estrada, C., Narvéaez, L. A.,
and Gomez, F. (2021, May). “Prediction of Perception of Security Using Social Media
Content”. In Iberoamerican Congress on Pattern Recognition (pp. 88-96). Springer,
Cham.

Conferences

e Victorino J. and Gémez, F., “A computational model for interpretable visual category
discovery of foliar shapes”. Sexto Coloquio doctoral Universidad nacional, Bogota,
Colombia, May 11 2018.

« Victorino, J., Rudas, J., Reyes, A. M., Pulido, C., Chaparro, L. F., Narvéez, L. A.,
Martinez, D., and Gémez, F. (2020, December). “Spatial-temporal patterns of aggres-
sive behaviors. A case study Bogota, Colombia”. In 2020 IEEE/ACM International
Conference on Advances in Social Networks Analysis and Mining (ASONAM), The
Hague (Online), Netherlands, December 7 2020.

e Victorino, J., Barrero, M., Rudas, J., Pulido, C., Chaparro, L., Estrada, C., Narvaez,
L. A. and Gémez, F. “Prediction based on time series of aggressive behaviors. A case



Xi

study Bogota, Colombia”. In 2022 International Symposium on Electrical, Electronics
and Information Engineering (ISEEIE), Hangzhou (Online), China, November 19 2021.






Xiii

Abstract

Leaf morphological description studies are complex because they require highly trained
personnel and the consultation of a large amount of available documentation, such as vi-
sual category systems in botanical manuals, books, online databases, and herbariums, and
commonly should be contrasted with other experts. These studies require a significant re-
source investment and a high manual workload. On the other hand, the number of botanists
available and in training for performing these studies cannot meet the current needs of the
growing amount of foliar information resulting from automation and the increasing complex-
ity of research questions. In this scenario, automatic computational processes are required to
provide a qualitative and quantitative morphological description that significantly alleviates
the experts’ workload.

The di Cculity of using automatic approaches in morphological analysis materializes if any
of these functionalities are missing: 1. extracting the relevant features from the shape so
that they can be analyzed separately, 2. producing robust categories that emerge from the
representation of each feature, and 3. explanatory capacity of the categories in the context
of the biological problem.

This work proposes a computational strategy for discovering leaf-shape categories that helps
to overcome these limitations. First, an algorithm extracts each feature and represents it
appropriately (contractive) in a specific feature space (morphospace). Then, the points in
the morphospace are analyzed and organized under the concepts of neighborhood, cohesion,
and persistence. The method accounts for these features and analyzes the number of clusters
for all neighborhood sizes, and chooses the optimal number of clusters, in other words, the
number of categories. This system of categories has the property of explaining the under-
lying phenomenon qualitatively and quantitatively. In this way, during the neighborhood
analysis, the categorization dendrogram emerges. Finally, the interpretation of the results is
given by the morphospace and by the dendrogram.

The e [edtiveness of the proposed approach is evaluated against category systems established
by experts. The results show that the proposed approach can produce useful categorizations
similar to what is reported in Hickey’s manual, a widely used botanist manual. This ap-
proach allows biologists to make qualitative and quantitative descriptions of leaf morphology,
helping them to describe variability, taxonomy, plasticity, adaptation, and ecological changes.

Keywords: (Novel category discovery, Unsupervised categorization, Leaf shape, Con-
tour analysis, morphological, Image processing, Topological analysis, Image classifica-
tion).
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Resumen

Los estudios de descripcion morfoldgica de hojas son complejos en la medida que requieren
de personal altamente entrenado y de la consulta de una gran cantidad de documentacion
disponible como i.e., sistemas de categorias visuales en manuales botanicos, libros, bases de
datos en linea, herbarios, inclusive contrastar hallazgos con otros expertos. Por tanto, estos
estudios demandan una inversion significativa de recursos y tienen una alta carga de trabajo
manual. Por otro lado, la cantidad de botanicos disponibles y en formacién no logra suplir
las necesidades actuales de la creciente cantidad de informacion foliar resultante de la au-
tomatizacioén y la creciente complejidad de las preguntas de investigacion. En este escenario
se requieren procesos computacionales automaticos que proveen una descripcion morfoldgica
cualitativa y cuantitativa que alivian en gran medida la carga de trabajo de los expertos.

La dificultad de usar enfoques automaticos en andlisis morfolégicos se materializa si hace
falta alguna de estas funcionalidades: 1. extraer los rasgos relevantes de la forma para que
puedan analizarse por separado, 2. producir categorias robustas que emergen de la repre-
sentacion de cada rasgo, y 3. capacidad de explicacion de las categorias en el contexto del
problema bioldgico.

En este trabajo se propone una estrategia computacional para el descubrimiento de cate-
gorias de formas de hojas que ayuda a automatizar estas funcionalidades clave. Primero, un
algoritmo extrae cada rasgo y lo representa de manera adecuada (contractiva) en un espacio
de caracteristicas (morfoespacio) especifico. Luego, la muestra proyectada en el morfoespa-
cio es analizada y organizada bajo los conceptos de vecindad, cohesion y persistencia. Este
método realiza un analisis del nUmero de grupos para todos los tamafios vecindad y escoge
la cantidad de grupos 6ptima, en otras palabras, las categorias. Este sistema de categorias
tiene la propiedad de explicar el fendmeno subyacente de manera cualitativa y cuantitativa.
De esta forma, durante el analisis de vecindad surge el dendrograma de la categorizacion.
La interpretacion de los resultados esta dada por el morfoespacio y por el dendrograma.

La efectividad del enfoque propuesto se evalla frente a sistemas de categorias establecidos
por expertos. Los resultados evidencian que el enfoque puede producir categorizaciones
razonables similares a lo reportado en el manual de Hickey. Este enfoque permitird a los
bidlogos hacer descripciones cualitativas y cuantitativas de la morfologia Utiles en estudios
de variabilidad morfoldgica, taxonomia, plasticidad, adaptacién y ecologia.

Palabras clave: (Descubrimiento de categorias novedosas, categorizacion no super-
visada, forma de hoja, analisis de contorno, morfologia, procesamiento de imagenes,
analisis topoldgico, clasificacion de imagenes).
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1 Introduction

Since ancient times, studying plant morphology has been a matter of survival [58]. lden-
tifying which plants are edible and which are toxic or poisonous for human consumption
is essential [58]. Furthermore, the knowledge of identifying plants and associating them
with their medicinal properties has always been highly esteemed and recognized in all cul-
tures [102]. Hence, the need arose to recognize the dilerknt plants in the environment and
study how they can be discriminated against, classified, and organized to refine and pass on
this knowledge through generations.

A significant historical milestone in describing these biological objects is the contribution
of Carl Linnaeus, who developed the classification system known as binomial nomenclature,
revolutionizing the way species are categorized and named [39]. This categorization system
enabled clear and precise communication in the field of biology and laid the foundation for
modern taxonomy [102]. Since then, classification systems based on categories have been
fundamental for describing biological objects.

For constructing these systems, botanical experts typically use various physical or morpho-
logical characteristics the plant provides, particularly the leaves, to identify and discriminate
among them. These characteristics include size, texture, consistency, leaf venation pattern,
and shape, among others [39]. Obtaining these features involves exploring many leaves,
requiring physical access to the plant and a method to capture, collect, and store all this
information. In addition, this data should be described for particular biological contexts,
commonly by a morphological description of their features. The morphological description
is a highly specialized pattern recognition task that commonly demands extensive knowl-
edge of botany and advanced use of information from herbariums, online databases, and a
widely used botanic manual, such as Hickey’s manual [58]. Additionally, several years of
field experience and interaction with other experts, often through research collaborations,
are necessary to describe specific groups of plants [58].

In the case of plants, the knowledge resulting from this process is documented in botan-
ical architecture manuals, where various relevant traits are categorized visually, including
detailed descriptions and graphic definitions of botanical terms [128]. The observation that
this process is heavily dependent on human expertise leads to the question of whether it is
computationally possible to reproduce botanists’ specialized knowledge when identifying plant
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species or varieties and whether the mechanism of constructing visual categories used by bi-
ologists can be replicated algorithmically?. This thesis explores this research question in the
context of the morphological description of leaves.

When defining shape categories, one issue is the inevitable introduction of biases [132]. These
biases depend on the educational background of the expert and the shapes they have studied
or encountered, making it impossible to have a complete system of categories covering all
possible forms [132]. In most botanic manuals, some categories are defined qualitatively
using simple shapes, while others are defined more quantitatively using measurements such
as area, length, and angles [35]. These definitions may be ambiguous. For example, Hickey’s
manual defines apex angle categories precisely. The apex is an “acute” class if the angle at
the top is less than 90 degrees and “obtuse” in other cases. However, these defined thresholds
may work well in a specific biological context but may not be suitable in others [60]. In the
description of natural system properties, this ambiguity is commonly present. For instance,
some values, like thermal floors, are also arbitrarily set by dividing altitudes into ranges
such as “warm climate” between 0 and 1000 meters and “temperate climate” between 1000
and 2000 meters. These categorization systems can also lead to classification problems when
elements fall close to the boundaries [110].

Moreover, defining the shape of a plant can be an ambiguous process as it depends on the
subjective perception of the expert [90]. It has even been found that people can classify
di Lerkntly at dilerent times. Objective systems should work consistently across dilerknt
scenarios and situations. In addition, fixed reference systems need to be imported with the
emergence or consideration of new forms [26].

In conclusion, plant morphological knowledge and identification have been fundamental for
human survival and development throughout history [10]. Although experts have developed
e [edtive classification and categorization systems, these systems still have biases and sub-
jectivity [132]. The possibility of computationally reproducing specialized knowledge and
the mechanism of constructing visual categories is an ongoing challenge [3]. Nevertheless,
technological advancements undoubtedly open new opportunities in this field.

Shape description and category discovery

Currently, biologists employ sophisticated methods for the qualitative description of shape
and quantitative analysis through geometric morphometrics [73, 16]. For instance, Pro-
crustes’s popular approach allows them to focus on specific shape traits, typically a segment
of the overall contour, and test one or multiple morphological hypotheses [16]. Despite the
popularity of this method in biology, this approach requires arduous and highly specialized



manual work, making it highly sensitive to placing critical points known as “landmarks” and
“pseudo-landmarks”. These marks are crucial points that the expert manually places along
the contour [20]. The precise positioning of landmarks is essential to obtain high-quality
results that validate or reject the hypotheses [20]. This approach’s primary limitation lies in
accurately reproducing all landmarks in each sample [3].

In Procrustes analysis, after registering all the landmarks in each sample, a dimensional-
ity reduction using Principal component Analysis (PCA) is used, followed by a clustering
technique such as k-means, where the number of groups, k, must be defined beforehand, to
determine a set of categories [16]. This strategy is limited because, apriori, the number of
groups has yet to be discovered. Therefore, more automated and e [cieht approaches are
needed to handle large-scale data sets while maintaining accuracy and reliability [8]. These
newer methods should alleviate the burden of manual landmark placement and reduce the
risk of human error, providing more reproducible and consistent results [71].

An alternative approach involves automatically placing points uniformly along the entire con-
tour, bypassing the need to set specific landmarks manually [3]. Subsequently, base functions
allow to extract particular properties that facilitate data analysis [116]. This approach as-
sesses how closely the shape resembles well-known functions, such as sines, complex cosines,
wavelets, and Gaussians [21]. This approach results in representations known as Fourier
ellipses, p-type, wavelets, Gabor filters, or chain codes, respectively [115].

In this last strategy, a morphospace is constructed by measuring the similarity of each sam-
ple to the selected base functions [128]. For example, using Fourier ellipses, the resemblance
of a leaf’s representation to a cosine of a particular frequency is evaluated, exploring mul-
tiple frequencies to achieve a comprehensive frequency-domain analysis of the data [68].
Conversely, wavelet or Gabor functions are bounded, unlike sines and cosines, which are
infinite. This property allows scaled and shifted versions of these functions to select or
extract specific segments of the shape [128]. The goal here is to obtain representations of
shape features that exhibit contractiveness. In this context, contractive means that samples
projected in the morphospace become closer the more similar they are, and these similarity
relationships remain consistent despite changes in scale, displacement, rotation, or other
transformations [116].

Despite the flexibility of these characterizations, approaches using Fourier ellipses or p-
type representations fail to distinguish between di[erknt shape features, leading to a loss of
specificity [3]. This limitation makes it challenging to construct and test hypotheses about
the shape, something that is achievable with geometric morphometrics such as Procrustes
analysis [27]. On the other hand, representations using wavelets or Gabor functions are un-
derstudied by botanists, and their interpretation needs to be improved [3]. Moreover, these
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approaches need to incorporate expert knowledge, such as botanical manuals or herbariums,
which is a significant drawback, resulting in limited adoption of these methods in morpho-
logical analysis [26]. This point brings us to the question: can we employ a contractive
representation using base functions that are interpretable by botanists?.

Recently, approaches based on machine learning models aimed to produce categories ob-
jectively, which refer to groups of objects with the same visual aspect. For instance, deep
clustering is a strategy based on deep neural networks to automatically discover clusters
or groups of similar data points in large datasets [23]. This method can identify patterns
and relationships in the data that may take time to discover [23]. However, deep clustering
is computationally intensive and may require large amounts of data to be trained eled
tively [84]. On the other hand, novel category discovery, a technique that uses machine
learning algorithms to identify new categories or concepts in a dataset [121, 78, 63, 56]. This
approach is helpful in cases where the data is highly diverse, or the number of categories
needs to be discovered or determined [78]. Nevertheless, in these approaches can be challeng-
ing to interpret the generated categories because of the deep learning approaches black-box
nature [84].

The main drawback of current approaches for category discovery is that they need to clarify
from where the discovered categories come. These approaches generally use all available in-
formation without focusing on domain-relevant features [84]. For example, a deep clustering
approach may discover categories about all traits in the leaf image dataset rather than a
specific trait, e.g., the margin type. As a result, it becomes di [cult to interpret the origin
of the categories [130]. This lack of interpretability can make it di Ccult to understand and
trust the categories discovered by these methods [79]. Therefore, there is a need for more
robust and interpretable approaches to category discovery that can extract relevant features
and provide insight into how the categories are formed, especially in life-science areas [8]. In
addition, most of these methods lack a formal definition of a category, commonly relying on
the ambiguous concept of a group. This way, the categories discovered should be objective,
and ideally, their origins should emerge naturally, providing a more robust and interpretable
understanding of the data [56].

Justification

Categories are essential for constructing scientific knowledge and understanding reality [64].
Categories refer to groups of entities classified together based on their common properties or
features for understanding and evaluating knowledge within a specific field or discipline [8].
The categories are relevant for analyzing and organizing objects, phenomena, and knowl-
edge [8].



The amount of data produced by automatized processes is unprecedented. Therefore, tra-
ditional methods for organizing and analyzing these data are required [23]. Categorization
plays a crucial role in this process by helping to organize the information and make it more
manageable. Additionally, grouping similar items or concepts allows extracting valuable in-
sights and structuring knowledge from data [23]. Furthermore, it allows individuals to place
a concept or idea within a larger category and understand its relationship to other similar
ideas [8].

Qualitative shape analysis and geometric morphometrics are current approaches used for
morphological description, but they have the drawback of heavily relying on manual input
and being time-consuming [26]. Although various automated and objective methods have
been proposed for morphological analysis, they are not widely used because they diverge
from how botanists typically work [3].

On the other hand, recent studies warn that the number of experts in taxonomy and botany,
in general, is declining [107]. In an era with increasing data and ecological, climatic, and
food-related issues that significantly impact life and sustainability, automating processes
to align with botanists’ methods can substantially enhance their e [ciehcy and e [edtive-
ness [107].

The automation of morphological analysis could represent a significant advancement for mod-
ern botany. By reducing the manual workload and time required to analyze plant shapes,
experts would have more freedom to focus on creative and investigative tasks. Moreover,
streamlining the identification and classification of species through automation could lead to
more e [edtive responses to current challenges related to the environment, conservation, and
food security.

Objectives

In this research, our primary goal is to develop a computational model capable of auto-
matically and interpretably discovering leaf shape categories from a given set of samples.
By harnessing advanced algorithms and techniques, our model can process the input data
e [edtively and extract essential morphological features from the leaf traits. Proposing a rep-
resentation space that captures leaf traits’ inherent variations and diversity is imperative.
This objective involves identifying and defining crucial morphological features with high dis-
criminatory power, allowing the model to precisely distinguish between di Lerknt leaf shapes.

A key challenge in this research is to devise a category discovery strategy, both robust and
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objective. The computational model will be designed to autonomously identify visual cate-
gories without requiring manual sample data annotation. This approach minimizes human
biases and laborious manual e [ants, making the categorization process more e [cieht and
reliable.

Transparency and interpretability are fundamental aspects of any computational model in
scientific research. Hence, we will meticulously design a strategy for explaining the shape
categories discovered by our model in a transparent and interpretable manner. The model
will generate quantitative results, such as cohesion and similarity values for each category,
and qualitative explanations, including visual representations of data distribution in the mor-
phospace and the formation of groups in the dendrogram. These comprehensive analyses will
enable biologists and researchers to e[edtively understand and validate the categorization
results.

By accomplishing these specific objectives, our work aims to significantly contribute to au-
tomated morphological analysis in botany, providing researchers with a powerful tool for
exploring leaf shape variations in an interpretable and e [cieht manner. The model’s po-
tential for uncovering new insights and discoveries in leaf morphology promises to advance
ecological and biological studies and foster collaboration between computational researchers
and domain experts.

Main contributions

The main contributions of this computational model for automatically discovering objective,
robust, and interpretable visual categories with applications in biological shape analysis are
highlighted below.

e Automated Categorization without Annotations: The proposed model can dis-
cover visual categories without requiring manual sample data annotation. This au-
tomation eliminates manual annotations’ laborious and time-consuming tasks, freeing
biologists to focus on higher-level interpretations and hypothesis testing.

e Flexibility and Adaptability: The model’s flexibility allows it to adapt to di [erknt
morphological features and research contexts. Biologists can tailor the model to their
needs, enhancing its interpretability and adaptability to their workflow.

e Quantitative and Qualitative Analysis: The model produces quantitative results,
such as categories with cohesion and similarity values, and qualitative explanations,
like data distribution in the morphospace and dendrogram formation. By merging
both perspectives, the model provides a comprehensive and insightful analysis.



e Bridging Objective Data Analysis and Biological Interpretations: The model
bridges the gap between objective data analysis and meaningful biological interpreta-
tions by providing quantitative and qualitative outputs. This dual perspective enriches
the biologist’s understanding of shape variation and facilitates integration into current
morphological studies.

e Exploring Relationships with External Factors: The model’s versatility allows
for exploring relationships with external factors such as climate, ecology, soil charac-
teristics, environmental pressures, and crop production. This potential connection can
support broader environmental and ecological studies.

e Handling Unclassified Specimens: The model handles unclassified specimens,
which can lead to significant ecological or biodiversity findings, such as discovering
new species, identifying anomalies, and characterizing biodiversity.

e Formal Definition of Visual Categories: The study clearly defines visual categories
as “a set of groups that persist at dilerknt scales and exhibit high cohesion.” This
definition is supported by various concepts, making the category concept more robust
than a simple cluster.

« Independence of Representation and Category Discovery Components: The
model’s representation and category discovery components are independent, allowing
it to be applied to multiple problems requiring category discovery by changing the
representation component.

« Additional Computational Methods: Besides the visual category discovery model,
several original computational methods are provided for tasks such as leaf image bina-
rization, segmentation, density adjustment, feature extraction, and data visualization.

Overall, this computational model represents a significant advancement in automating mor-
phological description and o [erk valuable biological shape analysis tools. By providing auto-
mated categorization and comprehensive analysis of morphological traits, the model has the
potential to revolutionize ecological and biological studies, leading to valuable discoveries
and insights.

Thesis structure

This thesis is organized as follows: The second section establishes the method’s baseline for
discovering shape categories. It introduces an experimental framework for species identifica-
tion based on a sample. Additionally, it outlines the workflow for automatic morphological
description. Section three details the development of a novel computational model for dis-
covering robust shape categories. The chapter addresses whether it is feasible to develop a
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computational model capable of uncovering objective, robust, and interpretable categories
of leaf-shape traits. In addition, algorithms are proposed to extract features from specific
shape traits. Robust categories are defined based on concepts related to topology and the
optimization of neighborhood relationships. In the final section, we present the work’s con-
tributions and the most relevant findings and insights in the morphological description area.
In addition, we comment on the conclusions and limitations of the work.



2 Contour analysis for interpretable
leaf shape category discovery

Abstract

Background The categorical description of leaf shapes is of paramount importance in ecol-
ogy, taxonomy, and paleobotanical studies. Classification systems proposed by domain ex-
perts support these descriptions. Despite the importance of these visual descriptive systems,
classifications based on this expert’s knowledge may be ambiguous or limited when repre-
senting shapes in unknown scenarios, as expected for biological exploratory domains. This
work proposes a novel strategy to automatically discover the shape categories in a set of
unlabeled leaves by only using the leaf-shape information. In particular, we overcome the
task of discovering shape categories from di Lerknt plant species for three di Lerent biological
settings.

Results The proposed method may successfully infer the unknown underlying shape cate-
gories with an F-score greater than 92%.

Conclusions The approach also provided high levels of visual interpretability, an essential
requirement in the description of biological objects. This method may support the morpho-
logical analysis of biological objects in exploratory domains.

2.1 Background

Visual shape description in plants is a very specialized and time-consuming task [59, 122].
Botanists and ecologists require straightforward approaches to communicate relevant infor-
mation about plant morphology. The construction of category systems allows the commu-
nication of the underlying phenomena and the standardization of biological studies [59].
Visual categorization is also an essential task for botanic manual construction, in which ex-
pert knowledge is commonly registered as visual categories [7, 60, 35, 11]. In these systems,
botanists define key terms accompanied by a visual description of the observed characteris-
tics, with which categories of the shape are established. In systematic biology and taxonomy,
experts are extensively trained to perform this task [99, 66].

Leaf categorization based on traditional botanical manuals has several limitations. First,
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there are exploratory scenarios in which the working hypothesis is related to datasets of high
morphological variability [59, 22], as in poorly explored ecosystems like the Paramos [13].
These scenarios may require particular categorization systems, not necessarily existing, in
the commonly used botanical manuals [22]. Second, human-based labeling may be biased by
individual opinions because of the high level of subjectivity implicit in the recognition pro-
cess of biological objects [29]. Finally, botanical manuals are restricted to narrow biological
domains. For instance, Northern United States [53], Indian forest [17], tropical Africa [70]
and Carolinas in United States [97]. The characterization of unknown biological scenarios
cannot necessarily be carried out using this manual [59].

An alternative to characterize plants objectively is digital plant morphology [29]. This ap-
proach provides quantitative representations of the object appearance [68, 16, 20]. Several
plant science problems have been tackled using this method [12], specifically, species classifi-
cation and characterization of morphological traits in response to changes in environmental
or genetic conditions using, for instance, pseudolandmarks or harmonics to characterize the
variation of geometric traits of the leaf contours [68, 16, 20]. However, despite the utility
of these approaches to quantify shape, they are limited to object contours with the same
homology [71]. Other tools currently available for performing morphometric measurements,
like plantcv [46], morpholeaf [14] or MowJoe [37], do not consider automatic approaches to
overcome the construction of visual categories systems to describe shapes in the biological
domain.

Besides category discovery, the visual description of biological forms also requires high levels
of interpretation [77]. Thus the expert should understand the causes of the existence of a
shape category, and these categories should also be biologically meaningful [33]. This prop-
erty of interpretability is fundamental because the knowledge of these causes may help to
find explanations of the underlying phenomena, relating the shape to adaptation, function,
and development, among other biological features [22]. To achieve these interpretations,
biologists commonly use high-level concepts to characterize leaf shape [28]. For instance,
the concept of the type of blade or the kind of margin. Notably, these two concepts are
closely related to low and high frequencies of the object contour and are captured by the
Fourier transform of the border [20]. This fact suggests the use of the Fourier transform
representation for recovering some high-level categories used for the foliar description task.

In this work, we propose a novel method to discover the shape categories underlying a set of
non-annotated samples based on contour analysis. We show that the use of strategies based
on harmonics allows for building a representation space that captures some of the high-level
features commonly used by botanists and ecologists in the description of geometrical blade
information. We study exploratory scenarios with no known shape categories, in contrast
to previous works that focused on the problem of plant species classification [119]. It is
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important to note that in the proposed approach the contour information is organized in a
morphospace objectively. Therefore, the expert may evidence of the characteristics associ-
ated with the biological phenomenon under investigation. We also keep high levels of visual
interpretability of the shape information, which is an essential requirement in the character-
ization of biological data that has been not considered in most of the digital leaf morphology
studies [20].

2.2 Methods

Figure 2-1 illustrates the proposed method for constructing interpretable visual categories
for a set of images. An image database composed of unlabeled leaves is used as input.
The contours of each leaf were extracted by using segmentation and contour extraction algo-
rithms. This information was represented with a complex Fourier transform (CFT), and a set
of representative harmonics of the leaf information was selected. Then, a dimensionality re-
duction method was applied to these harmonics to obtain a three-dimensional morphospace
of representation. Finally, an adaptive kernel density estimation method determined the
shape categories.

2.2.1 Contour extraction

The input dataset contained natural images with controlled background. These images were
represented in a saturation channel because they showed a higher contrast between the leaf
lamina and the background. Then, the Otsu method provided a leaf segmentation [93]. A
closing morphological operator based on a circular structural element of five pixels of radius
removed small holes in the binary image. A tracing algorithm extracted the leaf bound-
ary [51]. This method followed the contour points and returned a two-dimensional vector of
vertices. The size of this vector depended on the contour length and the image resolution.
In order to have a similar representation among leaves of di Lerent sizes, a cubic spline-based
interpolation was applied to this array [51]. In particular, N = 512 samples uniformly spaced
were obtained to represent each contour.

2.2.2 Contour representation

A p-type transformation was used for contour representation, this transform corresponds
to a CFT representation of the shape information [112]. Before the CFT, each spatial
position of the resampled border (x;y) was represented as a complex value z = (X;]jy),
with j = 1. The points in the border conform a complex discrete signal z[n], with



12 2 Contour analysis for interpretable leaf shape category discovery

Leaf image dataset (sample) ————» Contour extraction Contour representation
I | x ) Z[n}/\\/\/
axis
realaxm 0 50 0 [
[C T
N-1
Clustering - meanshift Dlmen5|onaI|ty reduction «~———— K= > 2] (cos2mkn/N) — jsin(2rkn/N))
3

A\ -
|Zik]| "

D T T

Selected harmonics

1ZIK]|

Morphospace

Figure 2-1: Graphical representation of the strategy for category discovery in leaves dataset.
The leaf contours in the dataset were obtained by using binarization and contour
extraction. This shape information was represented by a complex Fourier trans-
form. A set of representative harmonics of the leaf information were selected.
Following this, a dimensionality reduction method was applied to the selected
harmonics. Finally, an adaptive kernel density estimation method was used to
determine the shape categories.

n=1;2;:::;N. Later, the slopes z[n] among the adjacent points in z[n] were computed
as z[n] = X[n+1] x[n];j(y[n +1] y[n])). This representation provides robustness
to rotation transformations. The slopes were normalized by the distance k z[n]k among
the neighbor points n and n + 1, as follows: B[n] = (L, with n = 1;2;:::;N 1, this
normalization provides invariance to scale transformations. Later, a CFT was applied to the

normalized slope signal b[n], obtaining:

1> e
Zk]= =  p[nJe 12 k=N

N

n=0

where Kk is the harmonic index, N=2 + 1 is the maximum frequency order and Z[K] is the
k-th harmonic. For the contour description, it is not essential to use the complete set of
harmonics [119]. Therefore, the number of harmonics was 22, which allowed a suitable
reconstruction of the leaf contour [92].

2.2.3 Dimensionality reduction

Following previous works in the analysis of foliar shapes [29, 115], a dimensionality reduction
based on the Principal Component Analysis (PCA) was applied to the selected harmonics.
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This process was performed by using a Singular Value Decomposition (SVD) of the covariance
matrix computed using the complex harmonics [115]. In order to have visual interpretability
of the representation space, the first three principal components were studied.

2.2.4 Clustering

After dimensionality reduction, the category discovery process was performed. For this,
the low dimensional data was firstly normalized by applying a whitening transformation in
each dimension [34]. A shape category was defined as a cluster emerging in the previously
constructed representation space. In this work, two clustering approaches were explored,
namely, meanshift [44] and adaptive meanshift [103].

The meanshift algorithm is a non-parametric clustering method for locating the maxima of a
density function given n discrete data sampled from that function [44]. Given n data points
ui, i = 1;:::;n on a d-dimensional space RY, the multivariate kernel density with kernel K (u)
and bandwidth h parameter is given by:

1 X Uy
f=m K

i=1

This algorithm provides the modes of the density function, which in our case corresponded to
shape categories. The meanshift algorithm directly provides multiple clusters, in contrast to
other approaches like k-means which require a definition of the number of classes beforehand.
Nevertheless, meanshift results are highly dependent on the bandwidth parameter selection,
which indirectly determines the number of classes.

An adaptive meanshift algorithm was also explored to overcome the bandwidth selection
issue. This algorithm uses the local density in the representation space to define a dynamic
bandwidth for each sample. In particular, the Euclidian distances between u; and its first
k neighbors were averaged and then used as the sample bandwidth parameter h; [103], i.e.,
these h; were used for computation of the meanshift vector. In the proposed setting, the
k parameter was obtained experimentally using the TreeMew dataset; six groups of species
compose this dataset. The average distance to the eight nearest neighbors allowed the re-
covery of these six groups in TreeMew; the k parameter was then fixed for all experiments.
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2.2.5 Evaluation
Leaf image dataset

The category discovery task consists in arranging a non-annotated dataset in a represen-
tative set of shape categories and providing them with coherent explanations in biological
terms. There are several public leaf datasets available to study plant species that can be used
for evaluation purposes. In this work, two leaf image annotated datasets with information
about species with di [erent morphology were selected, namely, TreeMew and ImageClef 2014
datasets [48]. These datasets contain high-quality and quantity isolated leaf image samples,
all of them with a controlled background. These conditions helped to extract good-quality
contours. Each image in these datasets is annotated with the plant species, which was used
as ground truth for the shape category discovery problem. Figure 2-2 shows a sample of
each species selected in this study.

For the quantitative evaluation, the samples were organized in three sets to perform shape
category identification. The TreeMew was used to build a test set (TreeMew) with six groups,
with 20 samples per group. Similarly, for the samples in the ImageClef database, two test
sets were constructed (Clef30a and Clef30b), each one with six groups, and 30 samples per
group. Table 2-5 shows the corresponding morphological description, which was obtained
by using the Hickey manual [35]. As observed, the selected species show di[erknces in their
blade shape and margin. It is expected that the proposed method can discriminate samples
in di Lerknt classes using these two criteria. Importantly, these sets have high morphological
variability, as Table 2-5 shows. Therefore, this experimental setting is appropriate for eval-
uating the category discovery strategy.

Experimental settings

The evaluation was two-fold: a quantitative evaluation, to assess the method’s capacity for
recovering the original categories, and a qualitative evaluation, to study how the method
characterized biologically relevant morphological leaf traits related to the extracted cate-
gories.

The shape category discovery problem aims to predict shape categories presented in an
unlabeled sample set [55, 129]. We assumed that each plant species corresponds to a di Lerent
shape category. Under this assumption, the original species of each sample constituted the
ground truth for the category discovery problem. A confusion matrix and the corresponding
F-score provided quantitative measures of the method performance in the identification
of these categories. This last measure considers both the precision and the recall of the
class discovery tasks [2]. A leave-one-out scheme was used to study the variability of this
performance measurement across di Lerent datasets. Once the samples were projected into
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Carpinus betulus  Fagus sylvatica llex aquifolium Juglans nigra Populus alba Quercus frainetto
I‘ { \
Populus nigra Ulmus minor Acer campestre Ruscus aculeatus Platanus hispanica Janiperus
oxycedrus
Ficus carica Quercus petraea Populus tremura  Cercis siliquastrum Phillyrea  Acer monspessulanum
angustifolia

Figure 2-2: Groups of leaves samples used for testing the method. The image shows the
selected species from the TreeMew and ImageClef datasets. The species with
the most quantity of samples were selected. The leaves groups were organized
in the following way, Top: Tree leaf database MEW 2010, middle: Clef30a, and
bottom: Clef30b.

the reduced representation space, the clustering algorithm was applied for three di[erent
configurations of distance and clustering algorithm, namely:

e Data whitening and meanshift algorithm MS + W. Data whitening consists in sub-
tracting the mean and dividing by the deviation of the data in each dimension, similar
to the Mahalanobis distance [32].

« Data whitening and adaptive meanshift algorithm AMS + W.
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~ Data without whitening and adaptive meanshift algorithm.

Finally, a leaf sample per category was projected over the principal components to perform
the qualitative assessment. The linear combination of harmonics in each principal compo-
nent was shown and joined with projected samples for interpretation. The aim here was to
recover the margin types and blade shapes of the leaf samples.

2.3 Results

2.3.1 Capability of the method to recover the original categories

Figure 2-3 shows the morphospace 3D for the evaluated datasets. Each morphospace shows
spheres and representative leaf prototypes. The center of the spheres represents the position
of each leaf sample for the evaluated datasets. The sphere radius is given by the adaptive
meanshift algorithm. The spheres that were displayed with the same color conformed to the
same leaf shape category. The prototypes were the representative sample of each cluster dis-
covered. The leaf prototype corresponds to the closest leaf sample using Euclidean distance
to the cluster centroid.

Figure 2-3: Results of adaptive mean shift clustering for the three evaluated datasets. Each
morphospace shows spheres and representative leaf prototypes. The center of
the spheres represents the position of each leaf sample for the evaluated datasets.
The sphere radius is given by the adaptive meanshift algorithm. The spheres
that are displayed with the same color compose the same leaf shape category.
The prototypes were the representative sample of each cluster discovered.

Table 2-1 reports the quantitative performance obtained by using di erent experimental set-
tings. In particular, two algorithms: meanshift and adaptive meanshift, and two distances:
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Euclidean and Euclidean plus whitening, which is similar to Mahalanobis distance [32]. This
was done in the following combinations: meanshift + whitening, adaptive meanshift + non-
whitening, and adaptive meanshift + whitening. As observed, the use of adaptive meanshift
and whitening resulted in the highest performance for the three explored datasets. High
values of F-scores were obtained for the three datasets. Fig@€ shows that the proposed
representation space locates nearby similar shape samples; additionally, the method was able
to separate groups of di erent species samples. Tablgs2, 2-3 and 2-4 show the confusion
matrix for the evaluated datasets. In the test datasets, the emergence of leaf clusters was
evident. Finally, Table 2-2 reports the method recovered most of the ground truth categories
associated with the original species.

Table 2-1: Performance comparison between Mean Shift + Whitening (MS+W), Adaptive
Mean Shift + Non-Whitening (MS+NW) and Adaptive Mean Shift + Whitening
(MS+W). Table reports the mean 1 SD for each performance measurement
(F-measure).

Dataset MS+W  AMS+NW  AMS+W

TreeMew 93% 2.1 88% 3.5 97% 1.4
Clef30a 93% 1.4 90% 2.4 97% 1.4
Clef30b  91% 2.3 87% 3.8 92% 2.8

Table 2-2: Confusion matrix results for TreeMew dataset using adaptive meanshift plus
whitening. F-measure scor®:95.

Specie | group 1 2 3 4 5 6 7 8
llex aquifolium 14 0 O O O O 51
Fagus sylvatica 0O 20 0 0 0O O OO
Carpinus betuus 0 0 20 0 0O 0O 0 O
Juglans nigra 0 O 20 0 0 0 O
Populus alba 0O 0 0O O 20 0 0 O
Quercus frainetto 0 O O O O 20 0 O

2.3.2 Qualitative evaluation

The proposed method aims also to provide an interpretable representation of the discovered
categories. In the experimental setting herein proposed we considered species from six dif-
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Table 2-3: Confusion matrix results for Clef30a dataset using adaptive meanshift plus
whitening. F-measure scor®:97.

Specie | group 1 2 3 4 5
Populus nigra 30 0 0 0 O
Ulmus minor 0O 30 0 0 O
Acer campestre 0O O 30 0 O
Platanus hispanica 0 0 O 30 O
Ruscus acuelatus 0O 30 0 0 O
Janiperus oxycedrus 0 0 O O 30

Table 2-4: Confusion matrix results for Clef30b dataset using adaptive meanshift plus
whitening. F-measure scor@:92

Specie | group 1 2 3 4 5 6 7
Ficus acrica 24 0 0 0O O 0 6
Quercus petraea 0O 30 0 0 O O O
Populus tremura O 0 29 0 0 1 O
Cercis siliquastrum 0O 0 4 26 0 0O
Phillyrea angustifolia 0 O 0 0 30 0 O
Acer monspessulanum 0 0 21 0O O 9 O

ferent shape categories from the TreeMew dataset. Shapes can be described for the complete
leaf or their parts as described in Table-5. These shape categories were proposed using
the Hickey manual [60]. This manual contains high-level shape concepts related to shape,
margin, base, and apex. In order to reach high levels of interpretability some leaves were
selected from the morphospace to be shown on the representation space axis. For this, we
xed equally spaced points on the axis and the closest sample to these points were shown in
the axis, as illustrated in Figure2-4.

These projections show the morphological variability of the dataset along the main axis.
By examining samples in each axis, the shape features that discriminate the groups are
identi ed. As observed, the species with the same margin were closely represented on the
rst principal component (PC1). Therefore, PC1 represents mainly high-frequency border
information that can be linked to these margins. Similarly, the second principal compo-
nent (PC2) groups species with similar blade shapes, which are projected to the vertical
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Figure 2-4: Representation space of leaf shape given by PC1 and PC2 for TreeMew dataset.
Each axis represents a principal component and shows its harmonics composite.
Di erent contour leaf samples projected from morphospace are shown under the
axis. As observed, the x-axis is linked to variations in the margin, while the
y-axis is linked to the blade shape.

axis from wide to thin form. More speci cally, clusters related to specieSarpinus betulus,
Fagus silvatica, and llex aquifoliumare very close in the representation space, as shown in
Figure 2-4. Interestingly, these species also present high levels of similarity according to the
botanical manual, as observed in Tabl2-5. On the other hand, specieduglans nigra and
Quercus frainetto are for each other, which can also be observed in the proposed representa-
tion space. In the ImageClef dataset, Figure®-5 and 2-6 showed similar behavior in PC1,
corresponding to changes in the margin, while PC2 was related to the leaf width. This result
suggests that the method can be used to study margins and shapes simultaneously, resulting
in a rich representation.
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Table 2-5: Morphological description for the species used in each test group. This description
was obtained by using the Hickey manual [60]

Specie Shape Margin Base Apex
TreeMew:

1. Carpinus betulus Elliptic Dentate Rounded Convex

2. Fagus silvatica Elliptic Crenate Concave Convex
3. llex aquifolium Elliptic Serrate Convex Acuminate
4. Juglans nigra Oblong Entire Decurrent Acuminate
5. Populus alba Ovate Crenate Rounded Convex
6. Quercus frainetto Obovate Dentate Complex Complex
Clef30a Selection:

1. Populus nigra Ovate Crenate Convex Convex
2. Acer campestre Elliptic Dentate Convex Complex
3. Ulmus minor Elliptic Dentate Complex Convex

4. Ruscus aculeatus Elliptic Entire Convex Acuminate
5. Platanus hispanica Ovate Serrate Truncate Convex
6. Janiperus axycedrus Special Entire Complex Straight
Clef30b Selection:

1. Ficus carica Ovate Crenate Crodate Convex
2. Quercus petraea Obovate Dentate Convex Convex
3. Populus tremura Elliptic Crenate Convex Convex

4. Cercis siliquastrum Elliptic Entire Lobate Rounded
5. Phillyrea angustifolia Oblong Entire Decurrent Straight

6. Acer monspessulanum Elliptic Entire Cordate Rounded

2.4 Discussion

A new method for the morphological analysis of leaves is introduced. The method allows
the discovery of the categories of leaf shapes in an unlabeled dataset. These categories are
interpretable from the biological point of view. The method uses a harmonic representation

of the contours, a dimensionality reduction, and an unsupervised clustering strategy. The
results show that the strategy identi es categories of leaves related to concepts of margin
and foliar lamina. This strategy allows studying sample sets in which the categories are
unknown, which may appear in poorly studied biological scenarios.

Results in Table 2-1 show that the proposed approach may uncover the underlying shape
categories for di erent samples of unlabeled leaves, by using only leaf contour information.
In particular, the method provided high values of F1-scores (avera@b%j in the tasks of
discovering previously known shape categories related to the species, by using only unla-
beled data. Despite the morphological variability of the datasets herein explored, which
includes di erent kinds of margin, base, and apex, see Figug2 and Table2-5. The scores
and confusion matrices indicate that most of the samples were assigned correctly to the
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Figure 2-5: Representation space of leaf shape given by PC1 and PC2 for rst Clef selection
dataset. Each axis shows di erent leaf samples projected from the morphospace
under its principal component.

original shape category. Importantly, no prior knowledge about speci ¢ shapes resulted in
these categories, in contrast to previous approaches that strongly rely on domain expertise,
for instance, particular categories of lamina shapes, as commonly found in botanic manu-
als [7, 60, 11], or individual landmarks located over the leaf border [71]. Importantly, this
expert knowledge may not be available for the description of unknown morphological sce-
narios [14, 95]. Therefore, the proposed approach is relevant for this kind of description.

In principle, in unknown biological scenarios, shape categories are not known beforehand
and may di er from ones used for known scenarios [29]. For instance, in the plant com-
munities in the tropical region, such as Paramos and Guyana Shield [13], for which recent
evidence suggests a high morphological variability and endemism. There are no botanical
manuals for these scenarios, and the existing ones are not from the region and probably
cannot explain the variety of forms. To discover these categories, we used a highly exible
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Figure 2-6: Representation space of leaf shape given by PC1 and PC2 for second Clef se-
lection dataset. Each axis show di erent leaf samples projected from the mor-
phospace under its principal component.

low-level representation space that captures biologically meaningful information about the
leaf border, in particular, its large and ne variations [13]. The proposed representation
exhaustively captured a broad set of lamina border variations in the Fourier harmonics, pro-
viding a rich morphospace to represent possibly unknown sample morphologies. We assumed
that leaves with similar variations in the border were close in this morphospace. Therefore,
shape categories associated with common morphological features are expected to emerge as
clusters. Results in Table2-2 show that the clusters or shape categories identi ed in this
space, using only the available samples, coincide with the ground truth of shape categories.
Remarkably, these categories resemble known shape categories for di erent classes using
only endogenous information from the sample. To our knowledge, this result constitutes the
rst evidence about the possibility of automatically discovering categories of the shape of
biological forms. Alternative approaches have been proposed to discover these categories in
natural images [52, 55, 129]; however, these approaches have not been explored yet for the
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discovering of leaf shape categories problem.

Low performance observed in F1-scores for some of the studied scenarios is linked to two
principal causes. First, a high level of morphological overlap among some of the original
shape categories. For instance, in the dataset Clef30a the spedi®mus minor and Ruscus
acuelatushave high levels of visual similarity, see Figur@-7b, resulting in a single shape
category, see category number two in Tabl2-3. Despite that, the proposed representation
was exible enough to delimitate both categories properly, see curves in Figu?e7b. Im-
portantly, the visualization considered in the model helps to localize and correct errors in
the nal assignment of the sample category. Second, in some cases, leaf border information
was not adequately represented by the Fourier transform. For instance, this representation
did not correctly capture border information for samples in specieopulus tremurain violet
color in Figure 2-7a, probably because of the presence of high-frequency information in the
serrations [15, 50]. Further investigations may also consider alternative data representations
which account for these shape patrticularities [15, 50, 72].

Figure 2-7: Errors examples, in our approach, leaves with similar shapes form clusters. The
lines that appear from the leaf center show how these leaves are connected to
shape groups. In the left box (a), there are two groups, and in the right box
(b), there is one. However, on the left, there is a light green leaf that has a
shape similar to one group, but it is connected to another. In contrast, in the
right box, all the leaves are connected to the same group, but these could be
separated into two species by the violet and orange lines.

Figures 2-4, 2-5 and 2-6 show that common high-level concepts with biological meaning
emerged from the representation spaces obtained by PCA projections. Particularly, in the
PC1 axis, serrations change from left to right, from serrate margin to entire margin. While
in the PC2 axis, leaf shape changes from bottom to top, from wide lamina to narrow lam-
ina. Therefore, we conclude that the major axis relates to the lamina shape concept and
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the minor axis to the border serration. These high-level concepts represent explanations for
the shape categories discovered [60, 35, 11]. Explainability refers to a human-interpretable
description by which the method categorized a shape given a set of unlabeled images [33].
In this case, each discovered category is characterized by a particular combination of lamina
and margin shapes. The lamina and serration shape concepts are commonly used by ex-
perts to explain leaf shape categories, and they are fundamental for interpreting biological
variations [60, 35, 11]. These two factors are at the base of leaf descriptive systems of shape
categories, and they are commonly used for taxonomical classi cation, and leaf adaptation
to environmental conditions, among others.

In order to identify the possible factors associated with the obtained shape categories we
performed a posthoc analysis to identify. This kind of analysis is also used in other ap-
proaches, for instance, Procrustes and Fourier analysis [71], which consider a subsequent
interpretation step aimed to identify sources of variations [71]. In these analyses, experts
assign a meaning to observed experimental variations. For instance, correlating shape fea-
tures with known domain variables. Following a similar approach, we conclude that the
shape discovering method provides consistent explanations in biological terms, shape, and
margin, to the categories discovered. Future work may consider the automatic identi cation
of the concepts that determine the categories and not only rely on the interpreters' opin-
ions. It is worth noting that previous approaches to category discovery do not consider the
issue of construction of biological explanations to support biological interpretations [55, 129].

In this work, a complex Fourier-based representation supported the feature description stage.
This transformation provides high levels of visual interpretability [115]. In our experiments,
the contours become invariant to geometric transformations, and they were also normalized
and centered, as in the Procrustes analysis, but without requiring any landmark. Unlike
other approaches to contour analysis, harmonics capture contour variability in the frequency
space. Therefore, our approach may serve as a tool to analyze this variability in leaves with
a di erent structure. For instance, the approach can be useful when the contours present
di erent lobular compositions, or in sessile leaves, which do not have petioles resulting in
open contours. This kind of description is essential also for the description of poorly studied
vegetation, as it happens in the high mountain Andean vegetation [13]. A three-dimensional
space obtained by PCA embedded the contour representation, and a non-supervised clus-
tering algorithm was used on this representation space to infer the corresponding shape
categories. The aim here was to reduce the dimensionality of the data in 3D space and
provide visualizations and interactivity with the samples in the representation space. As
Figures 2-4, 2-5 and 2-6 show, the leaves were distributed along with the representation
space forming dense groups. The distance between a pair of samples was related to their
similarity, and the direction between them revealed the particular feature that di erentiates
them. When the biologist organizes the obtained sample in leaf categories [20, 76]. This
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representation allows both a visual representation of the shape information and a suitable
space to solve the category discovery problem.

The present work has some limitations. First, the proposed method uses only endogenous in-
formation on the leaf contour morphology to project the sample into a morphospace, suitable
to discover the shape categories. Future work may consider including additional informa-
tion related to the scienti ¢ question (for instance, precipitation), which helps explain the
sample's morphological variability. This complementary information can be included, for
example, as an additional part of the feature vector that characterizes each sample. Future
work may also consider interaction with the experts to construct the richest morphospace,
enabling post-hoc veri cation and modi cation of the proposed categories according to the
expert knowledge. Second, increasing the number of categories may di cult the capacity of
the method to discriminate the underlying shape groups correctly. As illustrated in Addi-
tional le 1. Figure S3, when considering a reduced number of PCs, the shape categories
cannot be adequately discriminated, and more PCs should be included. Therefore, the in-
clusion of additional PCs should be considered when the complexity of the database increases.

2.5 Conclusions

In this work, we proposed a novel method to automatically discover shape categories from
the digital image of leaf samples by keeping high levels of visual interpretability of the shape
information. The method is based on a complex Fourier representation of the contour, which
is embedded in low-dimensional representation space. An adaptive clustering method with
whitening was used to discover the shape categories. The method was evaluated through the
task of predicting the shape categories associated with di erent plant species. Our results
suggest that the proposed method successfully discovers the plant categories by using only
leaf shape information providing high levels of visual interpretability.



3 Robust visual category system of
speci c leaf shape traits

Abstract

Describing the leaf's shape is critical for taxonomy, plant function understanding, and un-
veiling the vegetation adaptation mechanisms to environmental changes. Nevertheless, the
shape description of biological objects is challenging as it encodes multiple attributes from
genetics and the environment. Therefore, most leaf-shape characterization still depends on
experts' knowledge. Signi cantly, these descriptions rely on visual category systems estab-
lished by experts in botanical manuals. These systems of visual categories group regularities
in shapes that humans perceive to explain leaf traits. These knowledge organization systems
are highly informative. However, they also have ambiguity and bias risks. This paper pro-
poses a novel approach for automatically discovering robust visual categories for di erent leaf
traits. The proposed strategy relies on morphospaces suitable for representing shape features
shared across particular leaf traits and a novel Topological Data Analysis based algorithm
for identifying robust groups of shapes in these morphospaces. Results suggest that this
approach automatically recovers visual categorical systems for six leaf traits, which highly
resemble those determined by experts in classical botanic manuals and visual categories as-
sociated with di erent species. Moreover, the strategy exhibits biological interpretability,
enhancing its value in botanical research. This approach represents a rst step toward a
guantitative description of morphological variability from the visual categorical systems per-
spective.

Keywords: Novel category discovery, Unsupervised categorization, Leaf shape, Contour
analysis, morphological, Image processing, Topological analysis, Image classi cation

3.1 Introduction

Plant morphological traits and their relationship to the environment are essential in ecol-
ogy [90]. For instance, the shape of leaves directly in uences the plant's function, and it
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represents a robust indicator of its adaptation to the environment [91]. However, shape in
biology is complex as it encodes multiple traits resulting from genetics, environment, develop-
ment, and adaptation [80]. Likewise, the shape is an abstract concept that can be di erently
perceived depending on the biological context and the expert's perspective [90]. Recently,
biologists have warned that the available approaches for shape description cannot quantify
all the information a biological organism provides through its shape [3]. Although there are
several quantitative approaches for addressing the problem of shape description [29, 20, 116],
there is still a need for methods that exhaustively and e ectively describe the abundance of
shapes exhibited by nature [3].

Traditionally, biologists have employed a qualitative approach for classifying shapes, often
referencing visual category systems from botanical manuals [3]. These manuals serve as
comprehensive resources, o ering detailed descriptions, illustrations, and clear de nitions of
botanical terms. They facilitate understanding and identi cation of various plant species
by visually representing plant structures, functions, and classi cations [60]. For this reason,
they are extensively used in qualitative studies analyzing morphological variability in species
due to environmental factors by providing descriptors like color, size, texture, and shape [62,
80, 10, 120, 88]. Typically, botanical manuals, like the Hickey manual (a botanic reference
widely used to describe di erent leaf traits), structure knowledge around shared geometrical
features, relying on the concept of shape categories [60].

The ability to parse varying stimuli into discrete categories is a fundamental property of
human and animal behavior [60, 41]. The category notion represents a general simpli ed ab-
straction based on the regularities perceived in objects [67]. The category concept simpli es
the analysis process of highly heterogeneous phenomena [98, 41], as in the case of biological
object description. Therefore, categories constitute the foundation of many knowledge orga-
nization systems [64]. However, in the case of biology, it is only possible to have some of the
potential categories because of the high complexity and variability of the biological objects
of interest that prevents a global, totalizing, and complete analysis of them [8]. Therefore,
studies based on visual category systems have ambiguity and bias risks [31]. For instance, in
the Hickey manual [60], an expert di erentiates therounded class from theconvexclass be-
cause, in the rstone, a smooth arc is discerned. This shape assessment is highly subjective
and may di er depending on expertise.

Alternatively, quantitative approaches can be used for shape description. These approaches,
for instance, describe the leaf shape as a sequence of points on the lamina contour and project
this silhouette to a so-called morphospace through a geometrical analysis method [116, 21].
The morphospace provides a quantitative representation of the possible form, shape, or
structure of an organism [3]. Furthermore, a distance measure can be de ned for this mor-
phospace, allowing comparisons between objects to classify, categorize, or relate the results
to the quantitative description of genetic, evolutionary, and environmental features [3]. Nev-
ertheless, unlike botanical manuals, the quantitative methods for shape description focus on
the most general shape features, having the risk of missing additional information provided
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by experts [25]. In addition, these descriptions need more interpretability and explainabil-
ity [81]. For instance, these shape description strategies do not account for categorical
systems for grouping objects according to shared geometrical features the experts may un-
derstand [86, 87].

Recently, deep learning models have also been applied to discover underlying categories
in data [114]. These works focus on directly learning a morphospace from a large set of
samples and organizing objects into categories [23]. However, in these approaches, the control
over the morphospace is minimal because of the non-linear back-box nature of the deep
learning architectures [130]. In addition, in these techniques, it is di cult to interpret which
traits resulted in the discrimination of the categories, a critical interpretability requirement

in the biological context [79]. Other strategies based on clustering [116] capture groups
of objects. But groups of samples proposed as categories by these methods need more
robustness to the expected shape variations exhibited by biological entities and also to the
outliers occurrence [116]. Therefore, a quantitative, automatic, and exible approach is
required to describe the shape in di erent contexts, allowing the organization of biological
entities into categories, as is the case with botanical manuals and eld guides. But at the
same time, these categories must be objective and reproducible enough to explain the shape
of any sample.

This work proposes a novel strategy for automatically discovering shape categories. In con-
trast to previous approaches for shape description, this approach allows quantitative and
qualitative shape descriptions for di erent leaf traits and considers robustness issues. The
proposed system relies on two main components. The rst aims to represent the geomet-
rical information of various leaf traits in suitable morphospaces to describe relevant shared
geometrical features. The second component constructs a high-dimensional discrete combi-
natorial structure of similarities between samples. This structure codi es relationships in
multiple neighborhood scales among samples in the morphospace, from which robust cat-
egories emerge. Compared with related methods, the proposed approach provides a high
degree of interpretability of the results in morphological terms through a dendrogram that
reveals the dynamics of the formation of visual categories and quanti es the similarity re-
lationships at the level of samples, groups, and visual categories. Results suggest that the
proposed approach is highly e ective in automatically discovering visual categories of leaf
shapes when comparing them to the ones de ned by experts, using only endogenous shape
information and no annotated data. In addition, results show that it is possible to establish

a taxonomy of shape groups according to the highlighted shape feature descriptions. Re-
markably, the results extended up to six di erent types of leaf traits. These results suggest
that many studies of morphological variability can be automatized, helping to advance in
taxonomy, systematics, recognition of new species, and morphological changes caused by
global warming [80, 10, 120, 88]. Furthermore, the proposed methodology for discovering
categories may apply to other areas of knowledge.
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3.2 Related Work

Two approaches are the most widely used in the quantitative description of biological shapes:
the geometric approach and the analysis using contour basis functions [3]. Furthermore,
techniques for dimensionality reduction are also usually applied after the representation
stage, followed by clustering methods to group the samples [29].

The geometric approach uses a set of landmarks to de ne the shapes to be analyzed and looks
for the geometric transformation that minimizes their di erences [1]. This strategy has the
advantage of being strongly linked to the research question and therefore provides a high level
of interpretability of the results [127]. For instance, geometric approaches allowed to identify
genetic markers associated with speci ¢ shape characteristics such as serration or lobulation
based on Procrustes analysis [1, 106, 43], as well as studying the relationship between genetic
variability and morphological variability [131, 54, 19, 26, 27]. However, this approach has
signi cant expert intervention and requires a high level of precision in the location of the
landmarks. In addition, in some studies, it is not possible to replicate the complete set of
reference landmarks in the whole sample [3], limiting the study scope. Furthermore, the
level of specialization in the landmark de nition and location also constraints the analysis
scope [3].

Quantitative and automatic methods, which use a family of basis functions to construct the
morphospace, can operate on extensive collections of leaf samples. The most commonly used
approach for analyzing various leaf shape features is the elliptical Fourier transform [68]. Re-
searchers have used the elliptical Fourier for taxonomic or systematic studies [30, 94] and the
automatic identi cation of genus or species [126, 85]. However, this representation is limited
to closed contours and does not provide information about the geometric correspondence
between points. Alternative approaches use more elaborate quantitative representations
or machine learning, followed by a clustering technique to classify or categorize the ob-
jects [73, 3, 74, 4]. However, using more complex representation methods may restrict the
interpretability of the results.

In general, the category discovery problem has been explored in two ways. The rst approach
aims to discover visual categories for automatically classifying objects in natural images
without annotations [69, 38]. The second, more recent, use deep clustering to generate a
learned representation space from the samples. This last approach de nes categories using
semi-supervised learning, in particular, an auto-encoder architecture and a simple clustering
method such as k-means [63, 78, 121, 56]. However, while the learned morphospace obtained
by this method may produce good results in the grouping phase, it is di cult to identify
which traits of the shape establish the groups. Previous work proposed the adaptive mean-
shift algorithm in the morphospace for discovering the underlying categories of an unlabeled
subset of any samples [116]. However, the method is susceptible to outliers and may fail
with inter-cluster samples. Moreover, the categories resulting from these methods need to
be more robust for noisy experimental scenarios.



30 3 Robust visual category system of speci c leaf shape traits

In summary, the detailed shape description performed by experts is mainly performed qual-
itatively by comparing samples with graphical models de ned in the manuals, commonly
organized as visual categorical systems. In addition, there are quantitative approaches for
describing the shape. However, these approaches do not discriminate the shape features to
generate the categories or must be more robust to face the biological variability expected
from eld samplings. Therefore, a quantitative approach is required to build robust visual
categories for di erent shape traits.

3.3 Materials and methods

Fig 3-1. shows the category discovery process. The method starts with a dataset of leaf im-
ages without annotations and generates a set of robust interpretable visual shape categories
representative of the sample for di erent leaf traits.

The process begins by binarizing the image and segmenting the leaf. Then, an algorithm for
extracting the petiole also helps characterize di erent leaf parts, for example, the apex, the
base, and the leaf body. The leaf contour is then extracted and interpolated for di erent
contour sizes. The expert may decide which leaf traits will be used to nd the robust
categories. Then, particular shape representations are applied depending on the leaf trait
to be characterized. These shape features are projected to the corresponding morphospace.
Following this, the Principal Components Analysis (PCA) method reduces this morphospace
to three dimensions, improving the interpretability of the categories to be discovered. Then

a simplicial complex codifying neighborhood relationship of shape among samples is built
in the morphospace. Connected components of this simplicial complex are lItered out to
characterize highly cohesive groups of samples. Next, the groups that most persist across
di erent neighborhood scales are determined and de ned as robust categories. Finally, a
dendrogram codi es the dynamic of the discovery category process from the sample.

3.3.1 Data and reference visual categories

There are several public leaf datasets available to study plant morphology, which can be used
for exploring the shape category discovery problem. In particular, we selected the Image-
CLEF2012 [48] and the TreeMew datasets to study the problem and compare performance
with a baseline category discovery method [116].

The ImageCLEF 2012 dataset has been widely used in leaf classi cation experiments and has
the appropriate conditions to evaluate the performance of the proposed method. This dataset
provides a good-quality image collection of developed leaves (adults) with one specimen
per image. Additionally, the dataset has su cient images per species to allow multiple
experiments. In particular, the dataset contains 11.572 images organized into 115 species,
of which 57% are scanned, 24% photos with controlled backgrounds, and the remaining 19%
are photos in natural environments. We selected up to 49 species with 50 or more specimens
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Figure 3-1: Process for the discovery of leaf shape categories. The process starts with im-
ages from an unannotated leaves dataset. The rst step extracts the silhouette
from the image resulting in a binary representation of the leaf. Then, an algo-
rithm segments the petiole, dividing the silhouette into apex, base, and petiole.
Once the expert selects a part of the leaf, the method extracts the contour,
l.e., the leaf trait for which categories should be discovered. The next step is
to extract speci c traits to generate the morphospace. Then, a combinatorial
structure (similarity graph) codi es sample neighborhood relationships. Finally,
the categories returned by the method correspond to the groups with the highest
persistence when the neighborhood changes, i.e., the groups that do not change
for di erent neighborhood sizes. Finally, a dendrogram shows the method's dy-
namic.

in this dataset for the experiments. In addition, the images are annotated with taxonomy
(genus and species), spatial location (latitude, longitude, altitude), locality, and date.

The proposed method aims to discover a set of shape categories in unlabeled samples. To
provide quantitative results about the expected performance in the category discovery task,
we performed di erent experiments to identify the categories emerging on samples from
related leaf traits labeled in prede ned shape categories. The method only considered the
sample leaf trait shape and aimed to discover the underlying shape categories.

Therefore, in addition to selecting the data for conducting leaf species discovery experiments,
setting a reference system of shape categories is also necessary. For this, the Hickey manual
was used [60]. This manual o ers a comprehensive and detailed analysis of leaf contour
morphology. The manual was meticulously created by esteemed botanists with extensive
expertise in the systematics eld, aiming to establish unambiguous and standardized termi-
nology for describing leaf forms. The manual provides categorized terms, visual examples,
and instructions for accurately describing contour characteristics. These manual reference
categories serve as a reference to evaluate the method's e ectiveness in distinguishing samples
into distinct shape categories.

In the rst set of experiments, four categorical systems of shape de ned in the Hickey
manual [35], speci cally, apex shape, laminar shape, margin type, and base leaf traits, were
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taken. Fig. 3-2 shows the visual categorical systems used as reference. Next, following
the morphological de nitions in the Hickey manual, several samples that accomplish the
description of each of the classes in Fi§-2 were selected and annotated.

Figure 3-2: Visual categories taken from the Hickey manual [60] for category discovery ex-
periments. In columns, the dierent shape features were selected for contour
description. Composite gure with images taken directly from the Hickey man-
ual [60].

The second set of experiments assessed the method's ability to discover the species of the
leaves from the morphological characteristics expressed by the shape. In these experiments,
it was assumed that the species were in the same categories. The full TreeMew dataset of
120 samples was used in the rst experiment, and ImageCLEF 2012 with eight unbalanced
categories and 905 images were used in the second experiment. These annotated categories
were considered as ground truth for quantitative analysis.



