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Abstract

Quantitative characterization of plant architectural complexity is critical for un-
derstanding genotype-to-phenotype relationships and supporting modern crop im-
provement. Conventional phenotyping metrics, such as Leaf Area Index and Frac-
tal Dimension, capture isolated geometric properties but fail to represent the in-
tegrated structural organization of plant architecture.

This thesis presents an image-based phenotyping framework for quantifying
plant structural complexity and enabling genotype discrimination using inter-
pretable architectural descriptors. A Structural Complexity Index (SCI) is first
introduced by integrating complementary shape-based and skeleton-based fea-
tures extracted from RGB images. Principal Component Analysis is employed to
summarize high-dimensional morphological information into a single interpretable
score, enabling scalable comparison across genotypes and growth stages.

To improve genotype discrimination, a multi-descriptor phenotyping pipeline
is developed that combines geometric, skeletal, and structural traits with kernel-
based non-linear representation learning and supervised classifiers. This frame-
work captures conditional, combinatorial, and higher-order interactions among
architectural features, enabling improved genotype separation beyond traditional
linear metrics.

Finally, topological data analysis using Persistent Homology is incorporated to
encode global structural organization, including branching connectivity and inter-
nal voids. The integration of topological descriptors with geometric features yields
robust phenotypic representations that enhance genotype classification accuracy
and resilience to noise and occlusion.

Overall, this work establishes a scalable and interpretable framework for topology-
aware plant phenotyping and genotype-to-phenotype analysis.

Keywords: Plant structural complexity, Structural Complexity Index (SCI),
Multi-descriptor phenotyping, Persistent Homology, Genotype classification, High-
throughput phenotyping.
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CHAPTER 1

Introduction

Plant architecture [3], [4, [5] is a fundamental biological trait that reflects the
integrated outcome of genetic regulation, developmental dynamics, and environ-
mental interaction. Quantitative characterization of plant structure is central
to understanding genotype—phenotype (G2P) relationships, accelerating crop im-
provement, and enabling predictive plant science. As global agriculture faces
increasing pressure from climate variability, resource limitation, and population
growth, there is a growing demand for phenotyping frameworks that are scalable,
non-destructive, and capable of capturing biologically meaningful architectural
information across species, genotypes, and developmental stages.

Despite major advances in high-throughput genotyping, phenotyping remains
a critical bottleneck in the G2P pipeline due to its reliance on limited, labor-
intensive, and often low-dimensional trait measurements [0, [7, 8. Conventional
plant phenotyping approaches typically emphasize isolated morphological or spec-
tral attributes such as height, projected area, biomass, or color indices [9} 10} [1T].
While these descriptors are useful for capturing specific aspects of growth, they
fail to represent the multidimensional architectural organization of plant struc-
ture, including branching hierarchy, skeletal connectivity, spatial occupation, and
internal void distribution [12] [13], [14].
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Widely adopted summary metrics further illustrate these limitations. Biomass
measurements provide aggregate estimates of growth but lack spatial and orga-
nizational detail. The Leaf Area Indexr (LAI), defined as the ratio of total leaf
area to ground area, LAI = Ajear/Aground [?], primarily reflects canopy density and
radiative interception, without encoding branching structure or spatial arrange-

ment. Similarly, Fractal Dimension (FD) characterizes global geometric complex-
log N (€)
log(1/e€)
geometric abstraction that lacks topological awareness and biological specificity.

ity through image scaling behavior, D = lim._, [?], but remains a purely
Consequently, architecturally distinct plants may exhibit similar LAT or FD values
despite profound differences in structural organization.

These limitations highlight a central challenge in modern phenotyping: plant
architecture is an emergent phenotype arising from tightly coupled geometric,
skeletal, and topological traits whose interactions are inherently non-linear, non-
additive, and scale-dependent [I5] 16, [I7]. Curvature influences the functional
relevance of path length, branching density modulates spatial occupation, and
compactness governs how skeletal complexity translates into external form. Linear
descriptors and Euclidean feature spaces are ill-suited to capture such dependen-
cies, motivating the need for mathematically principled frameworks that explicitly
model architectural interactions and global structure [18] [19, 20].

This thesis addresses these challenges through a progressive, multi-level pheno-
typing framework that integrates geometric, skeletal, non-linear, and topological
representations of plant architecture from image-based data. The methodological
development proceeds across three tightly connected stages.

First, a unified image-based baseline for architectural quantification is estab-
lished through the Structural Complexity Index (SCI). SCI combines complemen-
tary shape-based and skeleton-based descriptors extracted from RGB images using
established computer vision pipelines such as PlantCV [21], 22]. By consolidating
high-dimensional morphological information into a single interpretable measure,
SCI enables scalable, non-destructive quantification of whole-plant structural vari-
ation across growth stages and genotypes. This provides a robust foundation for
longitudinal phenotyping and comparative architectural analysis.

Second, recognizing that plant architecture resides on a high-dimensional,

curved phenotypic manifold, the framework is extended to non-linear modeling



of architectural traits. Phenotypic measurements are embedded into reproducing
kernel Hilbert spaces (RKHS), enabling the capture of conditional, combinatorial,
and non-monotonic dependencies among geometric and skeletal features. Kernel
Fisher discriminants, kernel-based Support Vector Machines, Deep Kernel Learn-
ing, and ensemble classifiers are employed to evaluate genotype-discriminative
power and to identify architectural features that contribute most strongly to geno-
type separation [10, 23]. Non-linear dimensionality reduction using Uniform Mani-
fold Approximation and Projection (UMAP) further reveals the intrinsic structure
of the learned phenotypic space.

Third, to move beyond metric-dependent representations and explicitly capture
global structural organization, the thesis incorporates concepts from Topological
Data Analysis (TDA), with a focus on Persistent Homology (PH) [24, 25],26]. Un-
like conventional morphometric approaches, PH characterizes connectivity, loops,
and internal voids across multiple spatial scales without reliance on fixed coordi-
nate systems or rigid geometric assumptions. By transforming plant contours and
skeleton graphs into suitable topological complexes, PH provides scale-invariant,
noise-resilient descriptors of architectural complexity [27]. These topology-derived
signatures capture branching patterns, internal gaps, and repetitive motifs that
are not accessible through purely geometric metrics. Together, these components
form a coherent phenotyping pipeline that advances from interpretable baseline de-
scriptors to non-linear manifold modeling and topology-aware structural analysis.
By unifying geometric, skeletal, and topological perspectives, this thesis provides
a comprehensive framework for quantitative plant architecture analysis and geno-
type discrimination. The proposed methods support robust phenotypic compar-
ison across genotypes, developmental stages, and environmental conditions, and
establish a principled foundation for future research in plant phenotyping, breed-
ing, and functional genomics, including applications in space-efficient cultivation
systems, such as vertical and controlled-environment agriculture, and in the quan-
titative analysis of architectural resilience under abiotic stresses, where maintain-

ing functional structural organization is critical for productivity and adaptation.
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1.1 Motivation

Plant phenotyping is a cornerstone of modern crop science, enabling systematic
investigation of genotype-to-phenotype relationships and supporting data-driven
breeding strategies. Despite significant advances in genotyping technologies, phe-
notyping remains a major bottleneck due to its reliance on labor-intensive, sub-
jective, and often low-throughput measurement protocols, which limit scalability,
reproducibility, and cross-study comparability [11, 28]. These constraints have
motivated the increasing adoption of high-throughput, non-destructive imaging
technologies coupled with computational analysis [0, 29} [30].

Early image-based phenotyping approaches primarily focused on simple mor-
phological and spectral descriptors such as projected leaf area, plant height, width,
and color indices [31, [7, 32]. While effective for estimating growth and biomass,
these descriptors capture isolated aspects of plant form and fail to encode the
internal architectural organization of plants, including branching hierarchy, skele-
tal connectivity, and the spatial distribution of canopy voids [33] [34]. As a result,
architecturally distinct genotypes may appear similar under conventional morpho-
logical summaries.

To facilitate standardized feature extraction, open-source platforms such as
PlantCV and commercial phenotyping systems such as LemnaTec have become
widely adopted [21,, 35]. Although these platforms provide robust and repeatable
pipelines for extracting shape- and color-based traits, they largely operate at fixed
spatial scales and emphasize global geometric descriptors. Consequently, their
ability to quantify structural complexity, architectural heterogeneity, and scale-
dependent organization remains limited [8] [36].

Recent advances in machine learning and deep learning have significantly im-
proved predictive performance in image-based plant phenotyping tasks [37, 38, [39).
However, many data-driven approaches rely on high-dimensional latent feature
representations that function as black boxes, hindering biological interpretability
and limiting insight into which structural attributes drive genotype-level differen-
tiation [40, 41]. This trade-off between predictive accuracy and interpretability
remains a critical challenge in phenotype-driven plant science.

Motivated by these gaps, this thesis aims to develop an interpretable, image-



1.2 Research Objectives

based phenotyping framework that explicitly captures plant structural organiza-
tion across multiple representation levels. By integrating complementary shape-
based, skeleton-based, and topology-aware descriptors, the proposed approach
seeks to quantify plant architectural complexity in a manner that is robust, scal-
able, and biologically meaningful. This unified framework is designed to move
beyond isolated trait measurement and black-box modeling toward structured,
explainable representations of plant architecture that support genotype discrimi-

nation and downstream biological interpretation.

1.2 Research Objectives

The primary objective of this thesis is to develop an interpretable, image-based
computational framework for quantitative analysis of plant architecture and geno-

type discrimination using RGB imagery. The specific objectives are:

1. To extract robust shape-based morphological descriptors from RGB
plant images that characterize global plant geometry and spatial extent [7]
12], 14].

2. To extract skeleton-based structural descriptors that capture internal
connectivity, branching organization, and geometric orientation of plant ar-
chitectures [22], 42] 143].

3. To formulate a Structural Complexity Index (SCI) that summarizes
complementary morphological and skeletal features into a single interpretable
measure of architectural complexity using dimensionality reduction tech-
niques [44., [45, [46].

4. To evaluate the statistical significance and biological relevance of the con-
tributing architectural features across genotypes and developmental stages

using appropriate statistical analyses [47].

5. To develop a multi-descriptor phenotyping framework that integrates
geometric, skeletal, and structural representations for robust genotype dis-

crimination using supervised and kernel-based learning approaches [48] [49)].
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6. To incorporate topological data analysis via Persistent Homology
for extracting higher-order structural descriptors that encode connectivity,
canopy closure, and internal void structures from plant images [27, 24 25,
20].

7. To design a plant vigor assessment framework that integrates topo-
logical, geometric, skeletal, and appearance-based descriptors into a data-
driven Hybrid Vigor Index, enabling quantitative assessment of architectural

integrity and growth organization under varying conditions [50, 51].

8. To demonstrate the applicability of the proposed framework for high-throughput
phenotyping, genotype classification, and genotype-to-phenotype analysis
using RGB image data [50, [51].

1.3 Thesis Organization

This thesis is organized into seven chapters, each addressing a specific aspect
of image-based plant phenotyping and architectural analysis, progressing from
foundational concepts to advanced modeling, experimental evaluation, and future
directions.

Chapter [1]introduces the motivation and scope of the research. It outlines the
challenges associated with traditional plant phenotyping approaches and highlights
the need for scalable, interpretable, and structure-aware computational frame-
works. The chapter reviews commonly used phenotyping metrics and motivates
the development of advanced descriptors capable of capturing whole-plant archi-
tectural complexity.

Chapter 2| presents a comprehensive literature survey of existing plant phe-
notyping methodologies. It reviews traditional phenotyping indices, RGB-based
image analysis techniques, deep learning approaches, and topological methods,
identifying their strengths and limitations. This chapter establishes the concep-
tual and methodological gaps that motivate the proposed framework.

Chapter (3| presents the background and methodology for extracting morpho-

logical features from RGB images. This chapter describes the image preprocessing
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pipeline, plant segmentation, and skeletonization procedures. It details the extrac-
tion of skeleton-based descriptors, including segment number (Fig. , segment
path length (Fig. [3.4), segment curvature (Fig. 4.3)), segment insertion angles
(Fig. 3.5]), and branching points, along with shape-based descriptors (Fig.
such as projected area, convex hull area, solidity, eccentricity, and compactness.
These features collectively form the foundational phenotypic representation used
in subsequent analyses.

Chapter [4] develops a mathematically grounded framework for modeling plant
architecture in a non-linear phenotypic space. Kernel-based methods are in-
troduced to capture conditional, non-additive, and non-monotonic relationships
among shape- and skeleton-derived traits. The chapter formulates non-linear
structural representations, including kernel-based indices and classification mod-
els, and evaluates their effectiveness for genotype discrimination using supervised
learning techniques. Visualization of the learned phenotypic space is also presented
to assess separability among genotypes.

Chapter [5|extends the architectural analysis through topological data analy-
sis, with a focus on Persistent Homology. This chapter describes the construction
of filtrations from plant image representations and the extraction of topological sig-
natures such as connected components and loop structures. Persistence diagrams
and vectorized topological descriptors are integrated with geometric and skele-
tal features to enhance robustness against noise, viewpoint variation, and partial
occlusion. The combined framework is evaluated for genotype classification and
phenotypic clustering. In addition, a unified plant vigor assessment framework is
presented, integrating topological and geometric descriptors into a hybrid vigor
index for genotype comparison and stress analysis.

Chapter [6] presents the experimental evaluation and analysis of the proposed
framework. The chapter summarizes key empirical findings, discusses the per-
formance of geometric, non-linear, and topology-aware representations, and ana-
lyzes their implications for genotype discrimination and architectural phenotyping
across growth stages and environmental conditions.

Chapter [7| concludes the thesis by summarizing the principal contributions
and key insights derived from this work. It discusses the broader implications

of topology-aware plant phenotyping and outlines future research directions, in-
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cluding multi-modal sensing, temporal topological analysis, genotype-phenotype

association studies, and deployment in real-world phenotyping systems.



CHAPTER 2

Literature Survey

The evolution of plant phenotyping methodologies is driven by the necessity to
efficiently and accurately link genotype to phenotype for crop improvement
and enhanced productivity. The literature review highlights the transition from
traditional, restrictive measurements to advanced, image-based quantification of

plant structural complexity.

2.1 Leaf Area Index as a Radiative Canopy De-

scriptor

Leaf Area Index (LAI) is widely employed as a quantitative descriptor of veg-
etation canopies due to its strong linkage with radiative transfer processes and
biosphere—atmosphere exchanges. Formally, LAI is defined as the ratio of one-
sided leaf surface area to the corresponding ground area, LAl = Aj/Aqg, where
Ar, denotes the total one-sided leaf area and Ag represents the ground area occu-
pied by the canopy. By definition, LAI is a dimensionless scalar that characterizes

canopy density rather than plant architectural organization.
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The importance of LAT arises from the fact that key physiological and biophysi-
cal processes, including photosynthesis, transpiration, and energy exchange,
occur predominantly at leaf surfaces. Consequently, LAI serves as a fundamen-
tal state variable in ecological, hydrological, and climate models, operating across
spatial scales ranging from individual field plots to global Earth system simula-
tions [52, [63].Figure illustrates conceptual canopy models corresponding to
two levels of structural complexity, where (a) represents a low-complexity canopy
(complexity level 1) and (b) represents a higher-complexity canopy (complexity
level 3).

The illustration is conceptually inspired by classical Leaf Area Index (LAI)
canopy representations commonly employed in radiative transfer and plant canopy

modeling literature [54].

GROUND AREA = 1m?* GROUND AREA = 1m?
LEAF AREA = 1m? LEAF AREA = 3m?
LAl = LEAF AREA: GROUND AREA = 1:1=1 LAl = LEAF AREA: GROUND AREA = 3:1=3

Figure 2.1: Leaf Area Index. (Source: Compiled from Watson [I] and Mandelbrot

2.)

In practice, LAI is rarely measured through direct destructive sampling. In-
stead, it is most commonly inferred using indirect optical methods that ex-
ploit canopy-radiation interactions. Within this framework, foliage is modeled
as a light-attenuating medium, and the transmission of photosynthetically active
radiation (PAR) through the canopy is described using a Beer—Lambert type for-
mulation, I(z)/Iy = exp(—k - LAI), where Iy is the incident radiation above the
canopy, I(z) is the transmitted radiation measured below the canopy, and k is the

canopy extinction coefficient, which depends on leaf angle distribution, solar
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zenith angle, and foliage optical properties [55], [56].

By inverting this relationship, LAI can be estimated from measurements of
either radiation transmittance (e.g., PAR inversion techniques) or radiation
reflectance (e.g., vegetation indices derived from red and near-infrared bands).
These approaches form the theoretical basis of widely used field instruments and
remote sensing products, enabling non-destructive, repeatable, and spatially scal-
able estimation of LAI [57, [58].

However, radiative measurements inherently integrate leaf area along the pho-
ton path, yielding an effective LAI rather than an explicit structural measure.
As a result, canopies with substantially different spatial arrangements, branching
architectures, or degrees of foliage clumping may produce similar LAI values
despite marked differences in physical organization. In heterogeneous or woody
canopies, non-photosynthetic elements such as stems and branches further con-
tribute to radiation attenuation, leading to measurements that are more accurately
interpreted as plant area index (PAI) rather than pure LAT [59].

Moreover, LAI exhibits saturation behavior in dense canopies, where ad-
ditional leaf layers cause minimal changes in transmitted or reflected radiation,
reducing sensitivity at high LAI values. While LAI effectively captures temporal
dynamics such as canopy development, peak growth, and senescence, it does not
encode information related to branching topology, organ-level geometry, or
spatial connectivity within the canopy.

Thus, although LAI remains a powerful indicator of canopy functional capacity
and vegetation productivity, its fundamentally radiative nature limits its ability
to represent structural and topological complexity. This limitation motivates the
development of complementary phenotyping descriptors capable of capturing plant

architecture beyond leaf area alone.

2.2 Fractal Dimension as a Global Geometric

Descriptor of Plant Architecture

Fractal Dimension (FD) has been widely adopted as a quantitative descriptor

of plant morphology due to its ability to capture global geometric complexity
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through scale-invariant image properties. In plant phenotyping, FD characterizes
how effectively a plant structure fills space across multiple observation scales,
thereby providing a compact scalar measure of structural irregularity.

Formally, fractal dimension is commonly estimated using the box-counting
method and is defined as

D = lim 28N (2.1)
0 log(1/€)
where N(€) denotes the number of covering elements (boxes) of side length e
required to cover the plant silhouette or skeleton at scale € [?]. In digital plant
images, this formulation quantifies the rate at which additional structural details
emerge as the observation scale becomes finer.

The appeal of FD lies in its ability to summarize complex plant forms—
including branching, serration, and overall irregularity—into a scale-independent
metric. Consequently, FD has been applied to characterize plant growth patterns,
canopy roughness, and morphological variability across environmental conditions
and genotypes.

Despite these advantages, fractal dimension fundamentally operates as a global
geometric descriptor and remains agnostic to the biological organization of plant
structures. FD does not encode information about branching hierarchy, organ
connectivity, insertion angles, or spatial arrangement of plant components. As a
result, plant architectures with markedly different biological structures may ex-
hibit similar F'D values if their overall space-filling properties are comparable. This
limitation becomes particularly pronounced across growth stages, where develop-
mental changes modify topology and geometry in ways that cannot be faithfully
represented by a single scaling exponent.

Furthermore, FD estimation is sensitive to image resolution, segmentation
quality, and scale selection, which may further obscure biologically meaningful
differences. Consequently, while fractal dimension captures how much space a
plant occupies across scales, it does not describe how that space is organized.

Thus, similar to Leaf Area Index, fractal dimension provides a useful but in-
complete abstraction of plant structure, emphasizing geometric complexity while
neglecting architectural and topological specificity.

To address these limitations, the proposed Structural Complexity Index (SCI)

12
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integrates complementary shape-based descriptors with skeleton-based
descriptors into a unified framework. By jointly modeling global geometry and
branching topology, SCI enables robust quantification of structural variation across
growth stages and genotypes, overcoming the inherent reductionism of purely

scaling-based metrics such as fractal dimension [21], 22].

2.3 RGB-Based Trait Extraction

Early RGB-based phenotyping studies primarily focused on extracting low-level
morphological and color-based traits such as projected area, biomass proxies, and
growth rates from plant images. High-throughput RGB imaging platforms enabled
automated measurement of these traits across large plant populations, significantly
improving phenotyping throughput compared to manual approaches [32, [7, 21].
While effective for capturing overall growth trends, these methods rely mainly
on global or pixel-level descriptors and do not explicitly model plant structural

organization, such as branching topology or skeletal geometry.

2.4 RGB-Based Deep Learning for Phenotype

Representation

With the emergence of deep learning, RGB-based phenotyping has shifted from
hand-crafted feature extraction toward learned visual representations. Convo-
lutional neural networks (CNNs) have been successfully applied to tasks such
as plant segmentation, biomass estimation, and developmental stage prediction,
learning complex visual patterns directly from RGB imagery [39, 40]. Although
these approaches improve predictive performance, they often function as black-
box models and provide limited interpretability regarding the specific architectural

traits driving phenotypic variation.
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2.5 Temporal RGB Modeling and Growth Dy-

namics

Several studies have extended RGB-based phenotyping by incorporating tempo-
ral image sequences to model plant growth dynamics. CNN-LSTM and related
recurrent architectures combine spatial visual features with temporal dependen-
cies, enabling genotype discrimination and treatment response analysis based on
growth trajectories rather than single time-point observations [51} [7]. Despite
their effectiveness in capturing developmental trends, these methods primarily en-
code appearance changes over time and do not explicitly quantify structural or

topological adaptations in plant architecture.

2.6 RGB-Based Genotype Discrimination and Its

Limitations

Recent studies have demonstrated that RGB imagery can be used directly for geno-
type classification. Deep learning models trained on RGB images have shown the
ability to distinguish plant accessions or genotypes under controlled experimental
conditions, indicating that genotype-specific phenotypic signatures are embedded
in visual data [47, [60]. These approaches highlight the potential of image-based
phenotyping for automated genotype discrimination.

However, genotype discrimination in RGB-based pipelines is typically driven
by implicit feature learning rather than explicit architectural descriptors, limiting
biological interpretability and robustness across environments. Most RGB-based
phenotyping frameworks rely predominantly on appearance-driven features and
linear or implicitly learned representations. As a result, structural traits such as
branching complexity, curvature, insertion angles, and skeletal topology known to
play a critical role in plant function, light interception, and environmental adap-
tation are rarely modeled explicitly [33] 22]. Consequently, these approaches may
fail to capture non-linear and conditional relationships among architectural traits
that are essential for robust and biologically meaningful genotype-to-phenotype

analysis.
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2.7 Morphological and Skeleton-based Plant Phe-
notyping

Image-based plant phenotyping has traditionally relied on geometric, morphome-
tric, and skeleton-derived descriptors to quantify shoot architecture from RGB
images. Widely used frameworks such as PlantCV [21], along with custom com-
puter vision pipelines [39, 22], extract fundamental traits including projected area,
convex hull area, aspect ratio, eccentricity, and compactness. These features pro-
vide quantitative summaries of plant size, shape, and overall growth status and
have been extensively applied in phenotypic screening and stress assessment.
Complementing these geometric measures, skeleton-based descriptors capture
structural properties related to plant topology at a local level. Features such as
total skeleton length, number of branch points, leaf tip count, leaf insertion angle,
and curvature metrics offer insight into branching complexity and canopy orga-
nization. Such descriptors are particularly useful for characterizing architectural
traits associated with growth patterns, lodging resistance, and light interception.
Despite their widespread adoption, morphological and skeleton-based descrip-
tors exhibit several inherent limitations. These features are often sensitive to
segmentation quality, image resolution, occlusion, and camera viewpoint, leading
to variability across imaging conditions and experimental setups. Metrics such as
convex hull area or skeleton path length may fluctuate under minor pose changes
or partial leaf overlap, reducing robustness and repeatability across genotypes.
Furthermore, most conventional descriptors operate at fixed spatial scales and
primarily capture local or part-wise geometry, limiting their ability to represent
global structural organization, multi-scale connectivity, and repeated architectural
motifs that are biologically meaningful. These limitations have motivated the ex-
ploration of alternative representations capable of capturing plant structure in a

more holistic and scale-aware manner.
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2.8 Topological Data Analysis and Persistent Ho-
mology in Biological Imaging

Topological Data Analysis (TDA) provides a complementary mathematical frame-
work for characterizing complex structures by focusing on connectivity and shape
across multiple spatial scales rather than precise geometric measurements. Unlike
classical morphometric descriptors, TDA is inherently robust to small perturba-
tions, noise, and sampling variability, making it well suited for biological imaging
data [24, 25]. Persistent Homology (PH), the most widely used TDA technique,
quantifies topological features such as connected components, loops, and voids
that emerge and persist throughout a filtration process. These features are sum-
marized using persistence diagrams, barcodes, or vectorized representations such
as persistence images [20].

PH has been successfully applied across a range of biological domains, including
protein structure analysis, neuronal morphology, cellular organization, and medi-
cal imaging, where it has demonstrated strong capability in capturing global struc-
tural patterns that are difficult to represent using conventional geometry alone. In
plant science, applications of PH are comparatively recent but expanding. Studies
have shown its effectiveness in characterizing root system architecture [61] and
quantifying canopy structural complexity from imaging data [62], highlighting its
ability to capture branching connectivity, canopy gaps, and global organization.

However, PH has not yet been systematically integrated with RGB-derived
morphological and skeleton-based descriptors for comprehensive analysis of plant
shoot architecture. Existing phenotyping pipelines typically treat geometric and
topological information independently, limiting their capacity to jointly capture
local shape traits and global structural organization. This separation constrains
robust genotype discrimination and the detection of subtle architectural differences
arising from growth dynamics or stress conditions.

The present work addresses this gap by integrating Persistent Homology with
conventional morphological and skeleton-derived features. By extracting topo-
logical signatures from plant contours and skeleton representations and combin-
ing them with classical descriptors, the proposed framework enables multi-scale,

topology-aware phenotypic characterization of plant architecture. This unified
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representation improves robustness to noise and variability while preserving bio-
logically meaningful structural information essential for genotype comparison and

architectural analysis.

2.9 Limitations of Traditional Phenotyping

Despite their historical importance, conventional phenotyping approaches exhibit
fundamental limitations that restrict their suitability for modern, high-throughput

and data-driven breeding pipelines.

e Limited Scalability and Repeatability: Many traditional phenotyping
methods rely on manual or destructive measurements, which hinder longitu-
dinal analysis of individual plants across growth stages. Such approaches are
labor-intensive and do not scale efficiently to the large populations required

in contemporary genetic and breeding studies.

e Insufficient Representation of Structural Complexity: Widely used
descriptors such as Leaf Area Index (LAI) and Fractal Dimension (FD) cap-
ture only partial aspects of plant structure. These measures summarize
canopy density or global geometric complexity but do not encode branch-
ing organization, connectivity, or multi-scale architectural variation (see Fig-
ure . Consequently, structurally distinct plants may exhibit similar index

values, limiting discrimination across genotypes or developmental stages.

e Incompatibility with Image-Based High-Throughput Systems: Tra-
ditional indices are often designed for specific measurement modalities or
controlled conditions and cannot be seamlessly integrated into automated,
image-based phenotyping pipelines. This limits their effectiveness in extract-

ing biologically meaningful patterns from large-scale imaging datasets.

17



Literature Survey

2.10 Advancements in Non-Invasive, Image-Based

Phenotyping

To address the limitations of traditional phenotyping, recent research has increas-
ingly adopted non-invasive, image-based approaches capable of capturing plant

structure at scale.

e Scalable Imaging Platforms: High-throughput imaging modalities, in-
cluding RGB, hyperspectral, and 3D imaging, enable rapid, non-destructive,
and repeatable acquisition of plant data across large populations and multi-

ple growth stages.

e Challenges in Structural Quantification: Despite advances in sensing
technologies, robust quantification of plant architecture remains challenging
due to self-occlusion, viewpoint dependency, and environmental variability.
Furthermore, fusion of information from multiple views or modalities is often

limited or ad hoc.

e Fragmented Trait Analysis: Existing image-based plant phenotyping
studies predominantly focus on isolated or low-dimensional morphological
traits (e.g., height, projected area, or leaf count). While such approaches
enable automated analysis of specific traits, they fail to provide a unified,
comprehensive, and scalable representation of whole-plant architectural com-

plexity required for robust comparative and statistical analysis.

2.11 Summary of Identified Research Gaps

Based on the foregoing review of existing phenotyping methodologies, several key
research gaps can be identified. Despite substantial progress in image-based plant

phenotyping, important challenges remain unresolved:

e Fragmented representation of plant architecture: Most existing phe-
notyping pipelines rely on isolated morphological or shape-based traits, which

fail to capture internal connectivity and branching organization [8] [34].
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e Absence of a unified complexity metric: Although metrics such as Leaf
Area Index and fractal dimension have been widely used, they do not provide
a comprehensive or interpretable measure of plant structural complexity [31],
63].

e Limited use of skeleton-based structural features: Skeleton represen-
tations have been explored for specific traits, but are rarely integrated with

shape descriptors to form a holistic architectural model [22] 42] [64].

e Insufficient genotype discrimination using conventional traits: Ba-
sic morphological and color features often lack sensitivity to subtle architec-
tural differences among genotypes, particularly under noise, occlusion, and

viewpoint variation [47, [65].

e Underutilization of topological information: Topological descriptors
capable of encoding connectivity and void structures remain largely unex-

plored in integrated phenotyping pipelines [66, [67, [61].

e Limited interpretability of learning-based models: Many machine
learning approaches prioritize predictive accuracy over interpretability, mak-
ing it difficult to relate phenotypic differences to underlying biological struc-
tures [40, [60].
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CHAPTER 3

Background Methodology:
Image-Based Morphological
Feature Extraction

3.1 Plant Shape and Skeleton Features

This chapter describes the feature extraction pipeline used to compute morpholog-
ical descriptors of plant structures from RGB images. The framework follows stan-
dard image processing and plant phenotyping methodologies. A binary plant mask
is first generated, followed by skeletonization to obtain a one-pixel-wide represen-
tation of the plant structure. From this skeleton, standard graph-based structural
descriptors are extracted, including segment identification, segment length, tip
and branch point detection, insertion angles, and curvature-based tangent angles.
These skeleton-based features are computed using established image processing
and graph-theoretic methods commonly used in plant phenotyping toolkits such
as PlantCV [21] and related literature. In addition to skeleton descriptors, classi-

cal shape features such as convex hull area, contour area, solidity, eccentricity, and
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compactness are extracted to characterize global plant morphology. These features
are widely used in existing plant phenotyping frameworks (e.g., LemnaTec-based
analysis pipelines). Together, these features provide a comprehensive morphologi-
cal representation of plant architecture and serve as input for downstream analysis
and the proposed SCI framework [35].

3.1.1 Segment Id

Segment ID refers to the unique numerical label assigned to each distinct structural
component of a plant, such as individual branches, leaves, or skeleton segments de-
rived from the binary mask. In image-based phenotyping, a plant is rarely treated
as a single continuous object; instead, it is decomposed into smaller segments that
represent biologically meaningful units. Assigning a unique Segment ID to each of
these units enables the extraction of localized morphological information, includ-
ing segment-specific length, curvature, orientation, insertion angle, and branching
patterns. This segmentation-based representation is essential for understanding
the hierarchical architecture of the plant, distinguishing between primary and sec-
ondary branches, and analyzing growth responses at a finer spatial resolution. By
isolating and indexing each segment, the pipeline ensures accurate per-segment
measurements and facilitates downstream tasks such as structural comparison,

trait quantification, and phenotype classification.

Skeleton extraction and segment identification

Skeleton extraction. Given a binary plant mask M, the logical skeleton of the
plant is first computed. The skeleton image is obtained through morphological
thinning as skeleton image = skeletonize(M). Skeletonization produces a one-
pixel-wide representation of the plant structure while preserving topology. This
ensures that every path from a terminal pixel (tip) to a junction (branch point)

corresponds to a distinct morphological segment.

Node identification. We classify skeleton pixels into three classes according to

the degree in the 8-connected neighborhood.
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e Branch points: BranchPts = {p € skeleton_image : countNeighbors(p) >

3} represent junctions where three or more branches meet.

e Tip points: TipPts = {p € skeleton image : countNeighbors(p) = 1}

represent terminal ends of branches or leaves.

Algorithm 1 Segment ID Assignment for Plant Skeleton

Require: Binary plant mask M
Ensure: Segment ID map for skeleton pixels
1: skeleton_image < skeletonize(M)
2: Identify branch points:
BranchPts < {p € skeleton_image : countNeighbors(p) > 3}
3: Identify tip points:
TipPts < {p € skeleton_image : countNeighbors(p) = 1}
Initialize segment_id < 1
for all ¢t € TipPts do
path < traceToNearestBranch(t, BranchPts)
Assign segment_id to all pixels in path
segment_id <— segment_id 4 1
end for
10: Continue tracing until all skeleton pixels receive a segment 1D
11: return Segment ID map

Segment tracing. For each tip t € TipPts we perform a local walk along the
skeleton toward the plant interior. The trace proceeds pixel-by-pixel, selecting
an adjacent skeleton pixel that has not yet been visited, and terminates when it
reaches (a) a pixel in BranchPts or (b) a pixel that already carries a segment
identifier. All pixels traversed during this walk are assigned the same segment
identifier. Because once labeled a pixel is never relabeled, traced segments are

disjoint.

Completion step. After processing all tips, some skeleton pixels (for example
central trunk regions or branch-to-branch paths that contain no tips) may remain
unlabeled. We perform additional traversals starting from any unlabeled skeleton
pixel and assign identifiers to these residual components until every skeleton pixel

has been labeled. This guarantees full coverage of the skeleton graph.
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Computational Complexity

Let N denote the number of skeleton pixels, 7" the number of tip points, and B the
number of branch points. Skeletonization using standard morphological thinning
operates in O(N) time. Neighbor counting for tip and branch classification requires
examining the 8-neighborhood of each skeleton pixel, which also results in O(N)
complexity. During tip-to-branch tracing, each skeleton pixel is visited at most
once because previously labeled pixels are skipped, adding another O (V) traversal.
The remaining operations, including computing segment length, endpoints, and
centroids, contribute an additional O(V) cost.

Summing these stages, the overall time complexity of the algorithm is O(N),
indicating a linear relationship with the number of skeleton pixels. This is asymp-
totically optimal, since any algorithm must examine each skeleton pixel at least
once. The space complexity is also O(N), dominated by storage of the skeleton

image and labeling structures.

Figure 3.1: Segment Id

3.1.2 Tip and Branch point Algorithm

The Algorithm [2| operates by scanning every pixel in the skeletonized image and
counting the number of skeleton pixels in its 8-connected neighborhood. Pixels

with exactly one neighbor are classified as tip points, while those with three or
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Algorithm 2 Tip and Branch Point Detection

Require: Skeleton pixel set S (binary skeleton image)
Ensure: Tip point set T, Branch point set B

1: Initialize T+ &, B + @

2: for all p € S do

3: n < countNeighbors(p, S) > number of 8-connected neighbors in
skeleton

4: if n =1 then

5: T+ TU{p} > tip point

6: else if n > 3 then

7 B+ BU{p} > branch point

8: end if

9: end for

10: return 7', B

Figure 3.2: (a) Tip points Figure 3.3: (b) Branch points

more neighbors are identified as branch points. Since each skeleton pixel is pro-
cessed once and neighbor counting is a constant-time operation, the overall time
complexity is O(]S|), where |S]| is the number of skeleton pixels. These detected
tip and branch points serve as the fundamental nodes for subsequent segment-1D
algorithms, which trace and label the skeleton paths (segments) connecting these

nodes to form a complete graph representation of the structure.

3.1.3 Segment Path Length Algorithm

The Algorithm [3| computes segment length by first extracting the ordered list of
pixels along each skeleton segment. It then performs a single linear pass over this

list, computing the Euclidean distance between each pair of consecutive pixels
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and accumulating these values to obtain the final segment length. Since each
pixel in a segment is visited once, the computation for a segment of N pixels is
O(N). Because segments are disjoint and every skeleton pixel belongs to exactly

one segment, the total complexity over all segments is O(]S]).

Algorithm 3 Segment Length Computation

Require: Binary plant mask M, skeleton image S
Ensure: Length value for each skeleton segment
1: Assign unique segment IDs to skeleton paths from each tip to its nearest
branch point(see Algorithm
2: for all segment s do
Extract ordered pixel list {(z1,y1), (z2,¥2),-.., (N, yn)} along the skele-
ton path

@

4: length < 0

5: fori=1to N —1do

6: d < \/(xig1 — 20)% + (Y1 — i)?
7: length < length +d

8: end for

9: Store length for segment s

10: end for

11: return All segment lengths

Figure 3.4: Segment Path Length

26



3.1 Plant Shape and Skeleton Features

3.1.4 Segment Insertion Angle

The Algorithm [] determines the insertion angle of a skeleton segment by first
identifying the tip and branch point that define the segment. A direction vector
is then formed by subtracting the branch coordinates from the tip coordinates.
Using the vertical axis as the reference, the angle between this vector and the
stem direction is computed via the atan2 function, and the result is converted to
degrees. When the stem is inclined, an optional rotation step aligns the stem with
the vertical axis prior to angle computation. In this way, each branch segment is

assigned a consistent insertion angle based solely on its geometric orientation.

Algorithm 4 Segment Insertion Angle Computation

Require: Skeleton segment (tip — branch point)

Ensure: Segment insertion angle 6 (degrees)

Step 1: Identify key points

Detect tip point and branch point of the segment

Step 2: Compute vector

Vac = Ttip — Lbranch

V;; = Utip — Ybranch

Step 3: Define reference axis

Reference axis = vertical stem direction (Y-axis)

Step 4: Calculate angle

6 = atan2(V,, V,)

Convert 6 to degrees if needed

. Step 5: Adjust for inclined stems (optional)

. If stem is inclined, rotate coordinate system to align stem vertically before
computing angle

: Step 6: Output

: Return insertion angle 6

—_ = =

— =
=~ W

The algorithm determines the insertion angle of a skeleton segment by first
identifying the tip and branch point that define the segment. A direction vector
is then formed by subtracting the branch coordinates from the tip coordinates.
Using the vertical axis as the reference, the angle between this vector and the
stem direction is computed via the atan2 function, and the result is converted to
degrees. When the stem is inclined, an optional rotation step aligns the stem with

the vertical axis prior to angle computation.
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Since each segment consists of a small, fixed number of points (typically just
the tip and branch), computing the vector and angle is a constant-time operation,
resulting in an overall complexity of O(1) per segment. In this way, each branch
segment is assigned a consistent insertion angle based solely on its geometric ori-

entation.

Figure 3.5: Segment Insertion Angle

3.1.5 Segment Tangent Angle

The Algorithm [5| computes the tangent angle at each pixel along an ordered skele-
ton segment to capture the local orientation of the branch. For each internal
pixel i (excluding endpoints), the algorithm forms a vector between the previous
and next pixels, (z;_1,y;-1) and (x;41,¥i4+1), effectively approximating the local
tangent direction. The angle of this vector relative to the horizontal axis is then
computed using the atan2 function, giving the tangent angle 6; at pixel . Option-
ally, a sliding-window smoothing operation can be applied to 6; to reduce noise
and obtain a more stable orientation profile along the segment. The working logic
ensures that each tangent reflects the direction of the curve at the pixel based on
neighboring points. Since the algorithm performs a single pass through all N pix-
els of the segment with constant-time computations per pixel, the time complexity
is O(N) for a segment, and linear with respect to the total number of skeleton

pixels when applied to all segments.
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Algorithm 5 Segment Tangent Angle Computation

Require: Ordered pixels along a skeleton segment
Ensure: Tangent angle 6; at each pixel (degrees)
: Step 1: Loop through pixels
:fori=2to N —-1do
Compute vector: V, = x;11 — ;1
Compute vector: V, = yi1 — yi1
Compute tangent angle: 6; = atan2(V,, V)
end for
Step 2: Optional smoothing
Apply sliding window smoothing on 6#; to reduce noise
Step 3: Output
Return tangent angles 6;

© P gk ey
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Figure 3.6: Segment Tangent Angle

3.1.6 Segment Curvature Computation

The Algorithm [6] computes the curvature angle at each pixel along an ordered
skeleton segment to quantify the local bending of the branch. For each internal
pixel i (excluding endpoints), two vectors are formed: V; from the previous pixel
(;—1,yi—1) to the current pixel (x;,y;), and V5 from the current pixel to the next

pixel (z;11,yi+1). The curvature angle ; at pixel i is then calculated as the

ViV
angle between these two vectors using the formula 6, = arccos (|V1| V2|)' This
1| V2

step effectively captures the local deviation in direction along the skeleton path.
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Optionally, a smoothing operation can be applied to the sequence of curvature
angles 6; to reduce noise and obtain a more stable curvature profile. Since the
algorithm iterates once over all N pixels in the segment, performing constant-
time vector and angle computations per pixel, the time complexity for a segment
is O(N), and linearly scales with the total number of skeleton pixels when applied

to all segments.

Algorithm 6 Segment Curvature Angle Computation

Require: Ordered skeleton segment pixels
Ensure: Curvature angle along the segment (degrees)

1: Step 1: Loop through consecutive pixels
2: fori=2to N —1do
3: Compute vectors: Vi = pixel; — pivel; 1, Vo = pixel; 1 — pixel;
4: Compute curvature angle: 6; = arccos ( Vi Vs )
' o Vi[[V2|
5: end for
6: Step 2: Optional smoothing
7: Apply smoothing to 6; to reduce noise
8: Step 3: Output
9: Return curvature angles along the segment

Figure 3.7: Segment Curvature Angle
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3.1.7 Euclidean Length

The Euclidean length Algorithm [7] of a skeleton segment represents the straight-
line distance between its two endpoints. It is computed using the standard dis-
tance formula in a two-dimensional plane, where the differences in the x- and
y-coordinates determine how far apart the endpoints lie. This measure provides
a simple geometric estimate of the segment’s extent without considering inter-
mediate curvature or pixel-level variations along the skeleton. Consequently, the
Euclidean length is useful for quantifying the overall span of a branch and for

comparing structural differences between segments.

Algorithm 7 Euclidean Length Computation for Skeleton Segments

Require: Ordered skeleton coordinates of a segment: {(x1,y1), (z2,¥2),. -,
(Tn, Yn)
Ensure: Euclidean length of the segment
: Step 1: Initialize
Length =0
Step 2: Compute pairwise distances
fort=1ton—1do
d; = \/(%‘H —23)% + (Yiy1 — ¥i)?
Length = Length + d;
end for
Step 3: Output
Return Length as the Euclidean length of the skeleton segment

Figure 3.8: Euclidean Length
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3.1.8 Convex Hull & Solidity

The Algorithm [§ computes the convex hull and solidity of a plant object from
its binary mask. First, the contour of the plant is extracted using a contour
detection method, producing an ordered set of boundary pixels representing the
plant outline. Let C' denote the number of contour points, i.e., the total number of
pixels along the boundary. Next, the convex hull polygon that minimally encloses
all contour points is computed, typically using algorithms such as Graham’s scan
or the monotone chain method. The areas of both the original object (from the
contour) and the convex hull are then calculated. Solidity is defined as the ratio
of the object area to the convex hull area, providing a measure of how compact
or concave the plant shape is. The working logic ensures that the convex hull
captures the maximal boundary envelope, while solidity quantifies deviations from
convexity. Since the convex hull computation processes all C' contour points, it
runs in O(C'log C') time, and the area calculations require O(C') time. Therefore,
the overall complexity is dominated by the convex hull step, giving a total time

complexity of O(C'log C'), where C'is the number of contour pixels.

Algorithm 8 Convex Hull and Solidity Computation

Require: Contour of the plant mask (binary image)
Ensure: Convex hull and solidity value
Step 1: Extract contour
Use contour detection to extract the outline of the plant from the binary mask
Step 2: Compute convex hull
Calculate the convex hull polygon that encloses all contour points
Step 3: Compute areas
Hull_area = area(convex hull polygon)
Object_area = area(contour)
Step 4: C()Orzlpute solidity
- ject_area
Solidity = Hull_area
Step 5: Output
: Return convex hull and solidity value

—_ =
— O
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Figure 3.9: Convex Hull Area

3.1.9 Contour Extraction

A contour is a curve that joins all continuous points along the boundary of an
object having the same intensity or color. In image analysis, contours are used
to detect and represent the shape of objects in a binary or grayscale image. For
plant phenotyping, contours provide a precise outline of plant regions, allowing the
computation of geometric and morphological features such as area, perimeter, and
convex hull. By representing the plant as a sequence of boundary points, contours

enable shape-based analysis while ignoring internal texture or color variations.

Algorithm 9 Largest Contour Extraction

Require: Masked RGB image or binary plant mask
Ensure: Largest contour Cl ..
Convert RGB image to grayscale (if needed)
Apply thresholding to obtain binary mask Bin
Contours < findContours(Bin)
if Contours is empty then

Return “No contour found”
end if
Cluax < contour with maximum area
Return C\ax

In this step, the objective is to isolate the primary plant region by extracting

the largest contour from the binary plant mask. The process begins by converting
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the masked RGB image into a grayscale representation to simplify the intensity
information. A fixed threshold is then applied to generate a binary image Bin,
where plant pixels are represented as white (foreground) and non-plant regions

appear as black (background).

The contour detection algorithm then scans the binary image and traces the
boundaries of all connected white regions. It identifies continuous pixel edges
that form closed shapes, and each detected boundary is stored as an ordered
sequence of coordinate points representing its outline. If no such boundary exists,
the algorithm returns a “No contour found” message, indicating that the plant
structure could not be segmented.

When multiple contours are detected, these may correspond to noise, small
detached fragments, or overlapping plant parts. To ensure accurate segmentation,
the contour with the maximum enclosed area is selected as the largest contour
Chax- This contour is taken to represent the main plant body, ensuring that
subsequent geometric and morphological feature extraction is performed only on

the biologically meaningful region of interest.

3.1.10 Convex Hull Feature Computation

The Convex Hull Feature Computation Algorithm [10| extracts geometric descrip-
tors of the plant shape using the largest contour C... First, the convex hull
of Chax is computed, representing the smallest convex polygon that encloses the
plant. The areas of the original contour and the convex hull are calculated, along
with the perimeter of the hull. Using these values, solidity is computed as the ra-
tio of contour area to hull area, indicating the compactness of the plant structure.
The algorithm returns all features—hull area, contour area, hull perimeter, and
solidity which collectively describe the overall shape and structural complexity of

the plant.
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Algorithm 10 Convex Hull Feature Computation

Require: Largest contour Clax

Ensure: Hull_Area, Contour_Area, Solidity, Hull_Perimeter
Hull + convexHull(Chax)

Contour_Area < contourArea(Ciay)

Hull_Area <+ contourArea(Hull)

Hull_Perimeter < arcLength(Hull, True)

Contour_Area .
5: Solidity < =, if Hull Area > 0
0

Y

otherwise
6: Return all feature values

3.1.11 Compactness Computation

The Algorithm computes the compactness of a plant object by quantifying
how closely the object shape fills its convex hull. First, the contour of the plant
is extracted from the binary mask, and the areas of both the object (from the
contour) and its convex hull are calculated. The compactness is then defined as
the ratio of the object area to the convex hull area, providing a measure of how
convex or concave the plant shape is. This approach ensures that a perfectly
convex object has a compactness of 1, while concave shapes yield values less than
1. If the contour contains C' points, computing the convex hull requires O(C'log C)
time, while the area computations are O(C'). Therefore, the overall complexity is
dominated by the convex hull calculation, resulting in a total time complexity of

O(C'logC), where C' is the number of contour points.

Algorithm 11 Compactness Computation

Require: Contour of the plant mask (binary image)
Ensure: Compactness value

Step 1: Compute areas

Object_area = area(contour)

Hull_area = area(convex hull of contour)

Step 2: Compute compactness

Object_area
Compactness = —ojeaarea

Step 3: Output
Return compactness value

Hull_area
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3.1.12 Eccentricity

Eccentricity is a shape descriptor that quantifies how elongated an object is rel-
ative to a perfect circle. It is calculated based on the best-fitting ellipse to the
object contour. A value of 0 indicates a perfectly circular object, whereas values
approaching 1 indicate a highly elongated shape. In plant phenotyping, eccentric-
ity provides insight into leaf or branch elongation, helping to quantify variations
in plant architecture and growth patterns.

where a and b are the lengths of the major and minor axes, respectively. A
value of 0 indicates a circular shape, while values approaching 1 indicate high

elongation.

Algorithm 12 Eccentricity Computation

Require: Contour of the plant segment

Ensure: Eccentricity value
1: Fit an ellipse to the contour — obtain major axis a and minor axis b
2: Compute eccentricity: Eccentricity < /1 — (b?/a?)
3: Return Eccentricity

Convex Hull

Minor Axis

Major Axis

centroid_x, centroid_y

Radial Spread Line

Figure 3.10: Canopy Geometry Visualization
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3.1.13 Different colour space

The composite image illustrates how the plant is represented across multiple colour
spaces, including HSV, Lab, and CMYK, with each individual channel (H, S, V &
L, A, B& C, M, Y, K) displayed in grayscale to highlight the way different colour
models encode chromatic and structural information. In the HSV space, the Hue
channel captures broad colour differences but remains highly sensitive to illumi-
nation and background variation, while the Saturation and Value channels offer

strong contrast yet often suppress fine leaf texture and small pigment gradients.

Figure 3.11: Colour Space Visualization

In contrast, the Lab colour space provides a more robust and biologically mean-
ingful representation: the L channel offers smooth luminance separation useful
for structural analysis, and the a and b channels distinctly isolate green-red and
blue—yellow opponency, capturing subtle pigment differences and early stress signa-
tures that are not well separated in RGB or HSV. The CMYK channels, although
useful in printing, exhibit limited biological contrast and contribute little to phys-
iological interpretation. Overall, the comparison clearly demonstrates that the
Lab channels preserve both structural detail and chromatic variation with reduced
noise, enabling more reliable clustering, segmentation, and colour-based trait ex-
traction. For these reasons, the CIE-Lab colour space was selected in this study,

as it provides perceptual uniformity, separates luminance from chromatic infor-
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mation, and maps directly onto biologically relevant pigment transitions, making

it particularly suitable for precise and reproducible plant phenotyping.

3.1.14 Scatter Plot
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Figure 3.12: Colour Scatter Plot Visualization

Lab a-b

The first image presents a two-dimensional scatter plot of plant pixel values dis-
tributed across the a and b channels of the CIE-Lab colour space. Each point cor-
responds to a pixel from the plant image, positioned by its chromatic components:
the a-axis represents the green—red opponency, while the b-axis represents the
blue—yellow opponency. In the plot, the plant pixels form clear colour-dependent
clusters. The cluster located toward lower a and higher b values corresponds to
healthy green tissues, whereas the cluster with higher a values reflects browning
or senescent regions. This structured yet overlapping distribution highlights how
effectively the Lab colour space separates subtle chromatic differences in vegeta-
tion, enabling more robust identification of healthy, stressed, and senescent tissues.
Consequently, Lab provides a strong foundation for downstream phenotyping ap-
plications such as stress detection, segmentation refinement, and pigment-related

trait extraction.
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3.1.15 Data set

The high-throughput phenotyping pipeline has been implemented on ten dis-
tinct genotypes of Brassica juncea (Indian mustard), namely: RE-2-2, RE-8,
RE-13, RE-14, RE-35-4, CN-101849, CN-105306, CN-105308, CN-101846, and
CN-112920. Each genotype represents a unique class, and the objective is to
evaluate whether phenotypic traits extracted from RGB images such as morpho-
logical structure, leaf angle, curvature, and skeleton topology can be effectively
used to classify plants according to their genotype. This genotype prediction task
was framed as a multi-class supervised classification problem, wherein phenotypic

descriptors serve as input features, and genotype labels are the target classes.
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CHAPTER 4

Quantifying Plant Structural
Complexity Using Structural
Complexity Index

4.1 Introduction

Plant phenotyping is a cornerstone of modern agricultural research, enabling the
systematic investigation of genotype-phenotype relationships that drive crop im-
provement. In the context of rising global food demand, climate variability, and
population growth, enhancing plant productivity, resilience, and sustainability has
become a critical priority for securing future food systems. Consequently, there is
an increasing need for phenotyping frameworks that are scalable, repeatable, and
capable of capturing biologically meaningful structural information across diverse
species and growth conditions.

Traditional plant phenotyping approaches, however, face several fundamental
limitations that restrict their applicability in modern high-throughput pipelines.
These challenges primarily arise from reliance on destructive sampling, labor-
intensive manual measurements, and limited ability to capture the full architec-

tural complexity of plants across multiple developmental stages [0, [7,[8]. Such con-
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straints hinder longitudinal analysis and reduce scalability, particularly in large
breeding and genetic studies.

Widely used quantitative descriptors typically focus on isolated aspects of plant
morphology. Biomass-based measurements provide aggregate estimates of growth
but lack spatial or organizational detail. Similarly, the Leaf Area Index (LAI),
defined as the ratio of total leaf area to ground area, LAl = Ajear/Agrouna [, pri-
marily reflects canopy density rather than architectural organization. Because LAI
integrates leaf area along radiative paths, it does not capture spatial arrangement,
branching structure, or connectivity among plant organs.

Fractal Dimension (FD) has been employed as an alternative descriptor to

characterize global geometric complexity based on image scaling behavior, D =
log N (€)
log(1/€)
While FD effectively summarizes space-filling properties across scales, it remains a

lim,_,o [63], where N (€) denotes the number of covering elements at scale e.
purely geometric abstraction and lacks biological specificity and topological aware-
ness. As a result, structurally distinct plant architectures may exhibit similar FD
values despite substantial differences in branching hierarchy, organ connectivity,
or developmental organization.

Consequently, both LAI and FD provide incomplete representations of plant
architecture across growth stages and genotypes. These limitations motivate the
need for phenotyping descriptors that jointly encode external shape attributes and
internal architectural organization in a unified and scalable manner.

To address this gap, this chapter introduces the Structural Complexity In-
dex (SCI), a non-destructive, image-based framework designed to quantify struc-
tural variation in whole-plant architecture. The SCI integrates complementary
shape-based and skeleton-based descriptors extracted from plant images to
derive a unified measure of structural variation across growth stages and
genotypes 21, 22]. By consolidating high-dimensional morphological information
into a single composite statistical index, SCI provides a robust and interpretable
baseline for large-scale, longitudinal plant phenotyping. Importantly, it estab-
lishes a methodological foundation upon which the advanced non-linear modeling

strategies and topological analyses developed in the subsequent chapters are built.
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4.2 Proposed Work

A set of RGB images

of plants taken from :ﬁ/‘ Segmentation = ’ Skeletonization
Top & Side views. ' l
‘ Normalize Features ‘ — Feature Matrix Construction
‘ Apply PCA ‘ = Validate Statistically
ANOVA and
clustering to
validate SCI

Figure 4.1: SCI Pipeline

4.2.1 Structural Complexity Index (SCI) Framework: Step-
by-Step Methodology

The SCI framework is a comprehensive, non-destructive, and scalable methodology
designed to characterize structural variation in plant architecture. It leverages im-
age processing and statistical dimensionality reduction (Principal Component
Analysis - PCA) to convert high-dimensional morphological data into a single,

interpretable metric.

Principal Component Analysis (PCA) Principal Component Analysis [44]
68] reduces high-dimensional data by finding new axes that summarize the main di-
rections of variability. After the data are mean-centered, PCA analyzes the covari-
ance among features and obtains orthogonal directions that express the strongest
trends in the dataset. Using either the covariance eigen-decomposition or an SVD
approach, PCA forms a smaller set of variables that preserves most of the infor-

mation while removing redundancy.

SCI consolidates high-dimensional morphological data into a single, interpretable

metric, enabling efficient comparisons across genotypes, growth stages, and en-
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(a) Original Feature Space
3D Scatter Plot: The Data Cloud Structure

Figure 4.2: Principle Component Analysis
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Algorithm 13 PCA Algorithm

Require: Data matrix X € R"*P

Ensure: Scores Z, Loadings V', Explained variance n
Compute column means: p; =+ >0 | X

Center data: X = X — 1" B
Optional: Standardize columns: Y;; = X;;/s;
Compute SVD: Y = UXVT

Compute eigenvalues: Ay = o2/(n — 1)

Compute explained variance ratio: ng = A/ ;A
Compute scores: Z = UX

Select top r components

return Z. 1., Vi1, N

vironmental conditions [45]. Previous research has demonstrated the utility of
advanced imaging and machine learning techniques in automating plant structure
analysis [37], [69]. However, these studies have often focused on isolated aspects
of plant morphology, unable to provide a comprehensive and scalable solution for
capturing the full complexity of plant architecture. SCI fills this gap by combin-
ing multiple imaging features into a single index, which can be applied to a wide
range of species and growth conditions without the need for destructive sampling
or manual interventions [34],[43]. This approach not only simplifies the analysis
but also ensures that phenotyping efforts are scalable, repeatable, and applica-
ble in high-throughput breeding and genetic studies. In this study, the mustard
plant has been used to validate the ability of the framework by quantifying struc-
tural variations across different growth stages. The outcome of the experimental
results shows the potential of the SCI framework to overcome limitations of tradi-
tional phenotyping methods and provide a robust, non-destructive tool for plant
breeders, geneticists, and precision agriculture. The SCI represents a significant
advancement in plant phenotyping, offering a standardized metric for assessing
plant complexity that can accelerate the development of crops with enhanced

yield, resilience, and adaptability to changing environments
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I. Image Processing and Feature Extraction

This initial phase captures the raw plant data and transforms it into quantifiable

morphological features.

1. Image Acquisition: The process begins with collecting Input Data con-
sisting of a set of RGB images of plants taken from Top & Side
views. Capturing multi-view images (e.g., top and multiple side angles) is
crucial for generating a robust 3D representation and accurately extracting
architectural features, which helps overcome issues like self-occlusion that

plague single-view methods.

2. Segmentation: The raw RGB images undergo Segmentation to isolate
the plant (foreground) from the background (pot, soil, and environment).
This is typically achieved using color space transformations (e.g., converting
RGB to HSV or using ExG indices) and thresholding, or advanced machine

learning techniques, to isolate the plant canopy for subsequent analysis.

3. Skeletonization: The segmented plant image (or resulting 3D point cloud)
is subjected to Skeletonization. This process reduces the 3D structure of
the plant down to a one-pixel-wide topological skeleton (a stick model).
The skeleton is critical for extracting skeleton-based morphological features,
which describe the internal connectivity and organization of the plant archi-

tecture.

4. Feature Matrix Construction: Data from both the segmented structure
and the skeleton are compiled for Feature Matrix Construction. This is
the critical step where multi-dimensional morphological features are quanti-

fied and compiled into a single data matrix.

e Skeleton-based features include: branch count, branch order, path
length, curvature, and branching angles.
e Shape-based features include: projected leaf area, convex hull vol-

ume, solid volume, and measures of density/porosity.

This comprehensive matrix captures both leaf area aspects and the under-

lying structure, unlike traditional methods like Leaf Area Index (LAT).
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II. SCI Computation and Validation

The second phase uses statistical techniques to condense the feature matrix into

the final SCI score and verifies its effectiveness.

5. Normalize Features: The constructed feature matrix is scaled through
Normalize Features (e.g., using Z-score or Min-Max scaling). This stan-
dardization ensures that all morphological features contribute equally to the
final index, preventing features with larger numerical magnitudes (like total

path length) from dominating the variance analysis.

6. Apply PCA (Principal Component Analysis): PCA is applied to the
normalized feature matrix to obtain orthogonal components representing
directions of maximum variance in the morphological feature space. The first
principal component (PCy) is retained for further analysis. The Structural
Complexity Index (SCI) is defined as the projection score of each plant onto
PCy, providing a single scalar representation of structural variation across

samples.

7. Validate Statistically: The resulting SCI values undergo preliminary Sta-
tistical Validation. This step ensures that the derived SCI can significantly
differentiate structural variations across different populations (e.g., different

genotypes or growth stages).

8. ANOVA and Clustering to Validate SCI: The final step involves formal
testing:

e ANOVA (Analysis of Variance): Used to formally test the hypoth-
esis that the SCI values are statistically different across experimental
groups (e.g., confirming a significant increase in SCI as the plant grows

across different weeks).

e Clustering: Techniques (e.g., K-means clustering) are applied to the
SCI values to determine if the index can naturally group plants with
similar structural characteristics, further confirming the SCI’s ability

to effectively discriminate between different architectural phenotypes.
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Algorithm 14 Preprocessing and Feature Extraction

1: Input: Image set P = {ay, ag,...,q,}

2: Output: Feature set {Fy, Fy, ..., F,}

3: for each image a; € P do

4: (Liops Lside) <— extractTopSideViews(qy)

5: Iivoc < preprocess(liop, Lside)

6: M; < segmentPlant (/)

7 M, < fillHolesAndDilate(M;)

8: S; < skeletonize(M;)

9: S! < pruneSkeleton(.S;, size_threshold)
10: (B;,T;) + extractSkeletonFeatures(S))
11: Sh; < extractShapeFeatures(M;)

12: F,«+ B,UT;USh;
13: end for

Algorithm 15 SCI Score Computation using PCA

F«+ {F,...,F,}
Normalize features: Flomm
Perform PCA on Fiomm
fori=1ton do
SC1I; < Projection of F; onto the first principal component (PC1)
end for
Return: SCI scores and statistical validation results

4.2.2 Description of the SCI Computational Framework

The Structural Complexity Index (SCI) framework is implemented via a two-stage
computational process designed for high-throughput phenotyping: Preprocess-
ing and Feature Extraction (Algorithm and SCI Score Computation

(Algorithm [15]).

4.2.3 Structural Complexity Index (SCI) Computation Frame-

work

The initial phase (Algorithm [I4)of the SCI framework focuses on preparing the
image data and extracting a comprehensive set of morphological features from

each plant. Given an input image set P = {ay, s, ..., @, }, each plant sample is
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processed through a standardized pipeline to ensure consistency.

For each image «;, top-view (liop) and side-view (Igqe) representations are
extracted and preprocessed using operations such as noise reduction and color
normalization. Plant pixels are isolated from the background to generate a refined
binary mask M;, accurately delineating the plant structure.

The segmented mask is then skeletonized to produce a one-pixel-wide topolog-
ical representation of plant architecture. Minor spurious branches are pruned for
robustness. Morphological feature extraction combines skeleton-based descrip-
tors (e.g., branch count, path length, branching angles) with shape-based de-
scriptors (e.g., projected area, convex hull, volumetric measures). All extracted
features are consolidated into a high-dimensional feature vector Fj, serving as
input for SCI computation.

The second phase (Algorithm computes a single SCI score from the ex-
tracted feature vectors. All individual feature vectors are compiled into a master
matrix F' and normalized to obtain Fj.,, ensuring that features with larger nu-
merical scales do not dominate the analysis. PCA is then applied to Fiom to
extract the principal components that capture the dominant variance in the mor-
phological feature space. The SCI score is computed as the projection of each

plant onto the first principal component (PC1):

p
SCL =Y w; frem
j=1

where:

e fi°™ represents the normalized value of the j-th feature for plant i,

e p denotes the total number of extracted morphological features, and

e w,; denotes the loading (weight) of the j-th feature on PCI.

Thus, although the SCI is derived from multiple morphological features, the
resulting SCI value for each plant is a single scalar projection score along the
dominant PCA direction. Features associated with larger absolute values of w;
contribute more strongly to the first principal component (PC1) and thus to the

variance it captures.
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Finally, statistical validation, including ANOVA and clustering analyses, is
performed to evaluate the SCI’s ability to discriminate structural variations across

different plant growth stages and phenotypic groups.

4.3 Results

4.3.1 Segment Curvature

Curvature_Mean Across Growth Stages
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Figure 4.3: Segment Curvature Mean

Figure [4.3| presents the variation in mean curvature across the three growth
stages. Curvature measures the local bending or deviation along the plant bound-
ary or skeleton, making it a key geometric descriptor of structural complexity.
The mean curvature (blue curve) increases progressively from Stage 1 to Stage 3,
indicating that plant outlines become more intricate and irregular as development
proceeds. In contrast, the second feature depicted (orange curve) shows minimal
change across stages, representing a morphological attribute with limited growth-
dependent variation. This contrast demonstrates that while some geometric de-
scriptors are strongly responsive to developmental progression, others remain com-

paratively stable. Such variability reinforces the need for dimensionality-reduction
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approaches like PCA, which integrate diverse feature dynamics into a single, in-

terpretable index of structural complexity.

4.3.2 Segment Path length

Path_Length_Mean Across Growth Stages
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Figure 4.4: Path Length Across Growth Stages.

Figure [4.4] illustrates how the mean segment path length varies across the
three growth stages. Skeleton path length represents the cumulative length of
the plant’s medial axis, making it a useful proxy for structural elongation and
branching complexity. The results show a slight decrease from Stage 1 to Stage 2,
which may reflect early developmental rearrangements or increased compactness
during intermediate growth. In contrast, a sharp increase is observed at Stage 3,
corresponding to substantial expansion, branching, and elongation characteristic
of mature plant architecture. This nonlinear trend highlights the dynamic nature
of structural development within the plant. While skeleton path length provides
valuable information about architectural changes, it does not fully capture overall
complexity. Therefore, combining this metric with additional morphological de-
scriptors through PCA enables a more comprehensive quantification of structural

variation, as reflected in the SCI score.

51



Quantifying Plant Structural Complexity Using Structural
Complexity Index

4.3.3 Different Growth Stages

SCl Score (PC1) by Growth Stage
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Figure 4.5: Different Growth Stages

Figure [4.5llustrates the distribution of Structural Complexity Index (SCI)
values for the three growth stages. The SCI is defined as the first principal com-
ponent (PC1) derived from the multi-feature dataset, and it provides a compact
summary of the dominant shared variation among all morphological and topolog-
ical descriptors. Plants in Stage 1 exhibit the lowest SCI values, indicating simple
and minimally branched structures characteristic of early development. Stage 2
plants display intermediate SCI scores, corresponding to moderate architectural
expansion and branching. Stage 3 plants show the highest SCI values, reflecting
highly complex, well-developed,and mature plant structures. The clear separation
among the three stages demonstrates that PCA successfully captures the devel-
opmental progression along a single axis. This validates the SCI as a robust and
biologically meaningful measure of plant structural complexity, capable of differ-
entiating growth stages based on their architectural traits

This heatmap Figure shows the correlation heatmap of the extracted ge-
ometric and skeleton-based plant features. Size-related descriptors such as con-
vex hull area, contour area, and perimeter exhibit strong positive correlations,
while skeleton length measures (Euclidean and path lengths) are highly correlated
among themselves. In contrast, angular and curvature-based features show weaker

correlations with size descriptors, indicating that they capture complementary ar-
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Feature Correlation Heatmap
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Figure 4.6: Feature Correlation Heatmap.

chitectural information. Overall, the heatmap suggests limited redundancy across
major feature groups, supporting the use of a multi-descriptor representation for

plant structural analysis.

Scree Plot (Explained Variance by PC)
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Figure 4.7: Scree Plot of Explained Variance by Principal Components.

The scree plot shown in Figure summarizes the proportion of total variance
explained by the first two principal components derived from the combined mor-
phological and topological feature set. Principal Component 1 (PC1) captures the
largest share of the variance, accounting for approximately 16%, and represents

the most dominant structural trend across all measured traits. Principal Com-
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Quantifying Plant Structural Complexity Using Structural
Complexity Index

ponent 2 (PC2) explains an additional portion of variability, around 11%, and
reflects secondary patterns that are not represented in PC1.

Figure [4.8fllustrates the result of applying K-means clustering with £ = 3
to plant phenotypic features after Principal Component Analysis (PCA). The
original high-dimensional feature set was first projected onto the first two principal
components (PC1 and PC2), which capture the dominant sources of variance in
the data. Each point represents an individual plant sample, and colors indicate

cluster assignments obtained from K-means.

KMeans Clustering (k=3) on PCA

Cluster
24 0
1
2

Figure 4.8: K-Means Cluster

Table 4.1: ANOVA Results for Top PCA Features

Feature F-Statistic | p-value
Eccentricity 10.3668 0.0005
Tip Point Count 4.9192 0.0151
Solidity 7.2053 0.0031
Convex Hull Perimeter 3.9600 0.0310
Convex Hull Area 7.9699 0.0019

In this study, the ANOVA test was performed on the top five features iden-
tified through PCA to assess their statistical significance across different growth
stages. The results (Table revealed significant differences for several key fea-
tures. Eccentricity (F = 10.3668, p = 0.0005) showed the strongest significance,

indicating that the plant’s shape varies significantly across growth stages. Tip
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4.4 An Overview of Method

Point Count (F = 4.9192, p = 0.0151) and Solidity (F = 7.2053, p = 0.0031)
also demonstrated significant differences, suggesting they are important for dis-
tinguishing plant structural complexity at various stages. Additionally, Convex
Hull Perimeter (F = 3.9600, p = 0.0310) and Convex Hull Area (F = 7.9699,
p = 0.0019) were found to vary significantly, highlighting their relevance in eval-

uating overall plant architecture during development.

4.4 An Overview of Method

The SCI framework is based on a linear projection method (PCA), which may not
fully capture the complex, nonlinear relationships among morphological features
that characterize plant structures Although the selected feature set is biologically
meaningful, it primarily reflects static snapshots of plant architecture and does
not consider temporal growth dynamics or environmental factors that can influ-
ence phenotypic expression. Future enhancements to this framework could address
these gaps. The use of nonlinear dimensionality reduction techniques, such as t-
SNE or UMAP, may help reveal hidden patterns within high-dimensional feature
spaces. Incorporating temporal data would enable the SCI to represent develop-
mental trajectories over time, yielding more dynamic insights into plant growth.
Finally, transitioning from 2D imaging to 3D plant reconstruction could substan-

tially increase the accuracy and depth of structural complexity analysis.
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CHAPTER O

Non-Linear Modeling of
Multi-Descriptor Plant
Architecture

5.1 Introduction

Plant architecture is an emergent phenotype arising from tightly coupled geomet-
ric, skeletal, and topological traits that evolve jointly under genetic control and en-
vironmental modulation [15] [16, [I7]. While genotyping technologies such as next-
generation sequencing have progressed rapidly, phenotyping continues to pose a
major bottleneck in the genotype-to-phenotype (G2P) pipeline due to its reliance
on limited, labor-intensive, and often subjective trait measurements [9, 10} [1T].
Traditional phenotyping approaches typically emphasize basic morphological or
spectral attributes such as plant height, projected area, or color indices, which
capture isolated aspects of growth but do not explicitly represent the multidimen-
sional architectural organization of plant structure and development [12| 13|, [14].
In real plant systems, the influence of individual traits is rarely independent: cur-
vature modulates the functional role of path length, branching density alters the

relevance of insertion angles, and compactness mediates how skeletal complexity
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Non-Linear Modeling of Multi-Descriptor Plant Architecture

translates into spatial occupation. These dependencies are inherently non-linear,
non-additive, and frequently non-monotonic, making linear summaries insufficient
for capturing the true variability of plant architectural phenotypes [18] 19, 20].

This chapter develops a mathematically grounded framework for representing
plant architecture as a high-dimensional, non-linear phenotypic space and for eval-
uating its utility in genotype discrimination. The proposed formulations—mnon-
linear Structural Complexity Index (nSCI), kernel Fisher discriminants, kernel-
based Support Vector Machines, and deep kernel learning—are designed to cap-
ture conditional, combinatorial, and non-monotonic dependencies among shape
and skeleton-derived traits that cannot be adequately modeled using linear de-
scriptors.

Rather than treating phenotypic traits as independent or additive variables, the
methods presented in this chapter model plant architecture as a structured config-
uration arising from interactions among geometric properties, branching topology,
and spatial organization. By embedding phenotypic measurements into reproduc-
ing kernel Hilbert spaces (RKHS), these approaches preserve curved manifolds, hi-
erarchical feature interactions, and genotype-specific architectural signatures that
are otherwise obscured in Euclidean feature spaces.

To operationalize these representations for genotype prediction, the resulting
phenotypic feature matrix—comprising normalized shape, skeleton, and structural
descriptors—is used as input to supervised machine learning classifiers for image-
based genotype classification. This enables a quantitative assessment of how ef-
fectively the extracted architectural features encode genotype-discriminative in-
formation.

Random Forest (RF) classification is employed as a strong baseline due to its
robustness to noisy and high-dimensional biological data, as well as its ability to
estimate feature importance without relying on linear assumptions. To ensure
comprehensive benchmarking, additional classifiers are evaluated, including Sup-
port Vector Machines (SVM) with radial basis function (RBF) kernels, XGBoost,
and Multilayer Perceptrons (MLP).

SVMs provide a kernel-based margin maximization framework that aligns nat-
urally with the RKHS formulations developed earlier in this chapter. XGBoost,

as a gradient-boosted decision tree ensemble, enhances generalization through ad-
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5.1 Introduction

ditive model optimization and regularization, while implicitly capturing feature
interactions. MLPs, as feedforward neural networks, model complex non-linear
relationships among phenotypic traits through stacked hidden layers and back-
propagation.

Together, these classifiers represent complementary learning paradigms ensem-
ble based inference, margin based optimization, and neural representation learning
allowing a rigorous evaluation of genotype—phenotype relationships from multi-
ple methodological perspectives. Beyond predictive performance, this framework
supports biological interpretation through feature importance analysis and the
identification of architectural traits that contribute most strongly to genotype
separation.

Finally, Uniform Manifold Approximation and Projection (UMAP) [I8], 19, 20]
is applied for non-linear dimensionality reduction to visualize the structure of the
learned phenotypic space. By operating on the same multi-dimensional feature
set, UMAP reveals compact and well-separated clusters corresponding to distinct
Brassica juncea genotypes, providing geometric validation of the discriminative
capacity of the extracted architectural descriptors.

Overall, this chapter establishes a coherent pipeline that links non-linear archi-
tectural representation to supervised genotype classification, demonstrating how
mathematically principled feature modeling enables accurate prediction and inter-
pretable analysis of genotype-specific plant structure. It provides valuable tools for
advancing genotype-to-phenotype mapping and supports downstream applications

in breeding, stress physiology, and functional genomics [10], 23].

5.1.1 U-Shaped and Non-Linear Trait Relationships in Plant

Architecture
In plant morphometrics and architectural studies, many phenotypic traits interact
in non-linear and conditional ways, rather than simply proportional or additive

relationships. This provides a biological basis for modeling non-linear structural
complexity (nSCI) in the RKHS framework.
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5.1.2 Curvature and Path Length

The mean branch curvature (¢) and path length (L) of plant skeletons are not

linearly related across genotypes or growth forms. Empirical studies show that:

e Leaf and branch curvature varies with developmental stage, environmental
constraints, and genetic background, creating non-monotonic responses to

path length or overall size [70].

e Mechanical and hormonal treatments can induce curvature changes that
depend on internode length, demonstrating conditional effects: curvature
may increase with path length under one context and decrease under another
[1].

These observations (Fig. [5.1)) suggest that plants with very short or very long
path lengths may exhibit relatively low curvature, whereas intermediate path
lengths correspond to maximal curvature. This produces an effective U-shaped
relationship [30, 1] between curvature and path length along the genotype spec-

trum.

U-Shaped Non-Linear Structural Complexity (nSCI) Manifold
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Figure 5.1: U-Shaped nSCI Manifold
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5.1.3 Branching Complexity and Allometry

Branching traits, such as branch count and path length, follow fractal or power-law

scaling, indicating non-linear associations:

e Branching complexity scales with overall plant size and path length in a
non-additive manner, as shown in studies of tree architecture and metabolic
scaling [72] [73].

e Combinatorial effects arise because curvature, branch angles, and tip-point
distributions interact differently depending on overall branch density, making

linear correlations insufficient to capture true architectural variation.

5.1.4 Multivariate Shape and Skeleton Traits

Geometric morphometrics studies further confirm that shape descriptors interact

non-linearly:

e Traits such as projected area, solidity, eccentricity, and compactness are

jointly influenced by branching structure and curvature [74].

e Multivariate analyses show conditional dependencies where a trait’s effect
on phenotype depends on the value of other traits, supporting the need for

a kernel-based, non-linear approach to capture structural complexity.

5.1.5 Biological Justification for nSCI

These empirical findings justify the use of non-linear structural complexity indices:

e The observed U-shaped or non-monotonic relationships[30} 51] between cur-
vature and path length illustrate why linear indices (like PCA-based SCI)

would fail to capture the dominant modes of architectural variation.

e Conditional and combinatorial dependencies among shape and skeleton pa-
rameters (e.g., curvature only matters for intermediate path lengths, or in-
sertion angles are relevant only when branch count is high) motivate the

RKHS framework and kernel covariance operator used in nSCI.
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e The nSCI modes can capture these non-linear trajectories, quantify geno-
type differences, and provide a biologically meaningful scalar score reflecting

overall structural complexity.

5.2 Proposed Work

Although multiple kernel-based techniques are employed in this thesis, they do not
represent independent or disconnected algorithms. Instead, they are formulated as
complementary components of a single, unified Reproducing Kernel Hilbert Space
(RKHS)—based phenotyping framework, designed to characterize plant architec-
tural complexity and genotype-dependent variation in a mathematically coherent
and biologically interpretable manner.

Within this unified framework, the Non-Linear Structural Complexity Index
(nSCI) provides an unsupervised representation of intrinsic plant architecture.
By operating in a kernel-induced feature space constructed from joint shape- and
skeleton-based descriptors, nSCI captures the dominant non-linear modes of struc-
tural variation that arise from complex, conditional, and combinatorial interac-
tions among architectural traits. Importantly, these modes summarize how plant
form and structure co-vary across samples without incorporating genotype labels,
thereby yielding a biologically grounded and data-driven measure of structural
complexity.

Building upon the same kernel-induced feature space, the Kernel Fisher Dis-
criminant (KFD) is employed as a supervised analytical tool to identify genotype-
discriminative structural axes. By explicitly maximizing between-genotype vari-
ance relative to within-genotype variability in RKHS, KFD reveals interpretable
non-linear directions along which architectural differences between genotypes are
most pronounced. In this sense, KFD serves to validate and interpret the struc-
tural patterns captured by nSCI, rather than acting as an independent predictive
model.

Finally, Support Vector Machines (SVMs) with a Radial Basis Function (RBF)
kernel are used to construct a margin-optimal supervised decision function for

genotype prediction. Leveraging the same kernel representation, the SVM learns
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non-linear decision boundaries that optimally separate genotypes while ensuring
robust generalization through margin maximization and regularization.
Crucially, nSCI, KFD, and SVM all operate on an identical kernel-induced
feature space derived from shape and skeleton descriptors. This shared math-
ematical foundation ensures methodological consistency, facilitates biological in-
terpretation, and maintains conceptual coherence across unsupervised structural
characterization, discriminative analysis, and predictive modeling. Rather than
introducing multiple unrelated models, the proposed framework integrates these
components into a single, principled phenotyping pipeline for comprehensive anal-

ysis of plant architectural complexity and genotype—phenotype relationships.

5.2.1 Non-Linear Structural Complexity Index (nSCI)

The non-linear Structural Complexity Index (nSCI) is an unsupervised measure
of plant architectural complexity that captures non-linear, conditional, and com-
binatorial interactions among multiple morphological traits. Unlike linear indices
such as PCA-based SCI, nSCI operates in a kernel-induced feature space, enabling
the extraction of intrinsic structural patterns that are not additive in the origi-
nal phenotypic domain.nSCI does not use genotype labels and is not optimized
for classification. Instead, it characterizes the dominant modes of architectural

variation present in the population.

Algorithm 16 nSCI Mode Extraction (Unsupervised Structural Complexity)

Require: Phenotype matrix X = {z; € R*'}Y,, Kernel width o > 0
Ensure: nSCI structural modes ¢, (z)
1: Step 1: Kernel Construction Compute Gaussian kernel matrix: K;; =

exp (= llzi — ]/ (20%))

2: Step 2: Kernel Centering K+ K—1yK —Kly+1yKly

3. Step 3: Eigen-Decomposition Solve eigenvalue problem: K5, = N\,

4: Step 4: nSCI Mode Definition Compute nSCI mode for plant z: 1y(x) =
Zﬁil 5&]{:(1" x’t)

5: return {¢y(x)}
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5.2.1.1 Phenotypic Feature Representation

Each plant is represented by a 21-dimensional phenotypic vector
X; = (@1, Tz, - - -, Tz ) € R, (5.1)

comprising shape descriptors (e.g., projected area, solidity, compactness) and
skeleton-derived traits (e.g., path length, branching statistics, curvature, and in-

sertion angles).

5.2.1.2 Kernel-Induced RKHS Mapping

To capture non-linear interactions among traits, phenotypic vectors are implicitly

mapped into a Reproducing Kernel Hilbert Space (RKHS) using a Gaussian kernel:

202

k(x,x) = exp <—M) , (5.2)

where o controls the scale of non-linearity.
This mapping enables similarity comparisons based on complex trait interac-

tions rather than individual feature differences.

5.2.1.3 Kernel PCA for Structural Mode Extraction

nSCI is computed using kernel principal component analysis (kPCA) in

RKHS. The centered kernel matrix K is constructed as
K=K —-1yK — Kly+ 1yKly, (5.3)
and eigen-decomposition is performed:
KB, = NAB,. (5.4)

Each eigenvector defines a non-linear structural mode in RKHS.
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5.2.1.4 Definition of nSCI Mode and Score

The ¢-th nSCI mode evaluated at plant x is

Pe(x) = Zﬁfﬂf(X?Xj)- (5.5)

The nSCI score for plant ¢ is defined as the projection onto the first mode:

N

IlSCIZ = 77/)1 (Xz) = Z ﬁljk(xi, Xj), (56)

Jj=1

which captures the dominant non-linear axis of structural complexity.

5.2.1.5 Biological Interpretation

The first nSCI mode encodes intrinsic architectural variation, often corresponding
to curved or U-shaped manifolds in trait space. For example, curvature may
contribute strongly to structural complexity only at intermediate path lengths,
reflecting conditional trait effects that are invisible to linear methods.
Combinatorial interactions among branching density, curvature, and insertion
angles are jointly represented within the RKHS, allowing nSCI to summarize com-

plex plant architectures using a single scalar score.

5.2.1.6 Relation to Genotype Analysis

Although nSCI is unsupervised and independent of genotype labels, its modes can
be used as inputs to supervised classifiers. Plants located near non-linear tran-
sition regions in the nSCI space often correspond to ambiguous or intermediate
architectural forms, which are informative for downstream genotype discrimina-

tion.

5.2.1.7 An Overview of Method

The nSCI framework:
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Uses kernel PCA in RKHS to extract non-linear structural modes from plant

phenotypes.

Captures intrinsic architectural complexity without using genotype labels.

Models conditional and combinatorial trait interactions.

Provides a scalar structural complexity score for each plant.

5.3 Kernel Fisher Discriminant for Genotype Sep-

aration

5.3.1 Definition

Let H be the Reproducing Kernel Hilbert Space (RKHS) induced by an RBF

kernel: )
= = x| )
202 ’

and let plant phenotypes x; € R?! have genotypes y; € {+1,—1}.
The Kernel Fisher Discriminant (KFD) finds a direction w* € #H that maxi-

mizes the ratio of between-class to within-class variance:

k(x;,x;) = exp (

. w' Spw
w* = arg max ————
weH wTSWUJ7

where the RKHS covariance operators are
Sp = (py — p) (g — p)’,
Sw =Y (¢(xs) — pn)(¢0a) — py)"

and class means:
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5.3 Kernel Fisher Discriminant for Genotype Separation

5.3.2 Dual Representation

The optimal discriminant lies in the span of training points:

N
w = Z ai¢(xi)7
=1

allowing all computations to be expressed using kernel functions:
N
Fx) =wTo(x) = ask(xi,x).
i=1

5.3.3 Interpretation with Shape and Skeleton Features

Let X = (Xshape, Xskel) € R?!, where

® Xgape = (area, solidity, eccentricity, compactness, .. .)

® Xq e = (path length, branch count, curvature, insertion angles, ...)

For genotypes exhibiting a U-shaped curvature-path length pattern, a lin-
ear discriminant fails to separate them. KFD in RKHS projects plants onto a
non-linear azris that separates genotypes while preserving architectural similarity
among others.

The predicted genotype is then

+1 f(x)>0
-1 f(x)< 0

<,
I

5.3.4 Biological Interpretation

e Conditional effects: Curvature may influence the discriminant only for

intermediate path lengths.

e Combinatorial effects: Branch count, insertion angles, and tip distribu-

tion collectively define structural differences.

e Non-linear projection: Each plant is represented by a single scalar along

the discriminative axis, forming a 1D non-linear manifold:
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— Compact upright genotypes — negative end
— Intermediate branching genotypes — middle

— Sprawling genotypes — positive end

5.3.5 Key Points for Thesis Integration

e KFD is supervised, directly optimized for genotype separation using labels.

e Operates in the same RKHS as nSCI, allowing comparison and potential

integration.

e Captures non-linear, conditional, and combinatorial trait effects explicitly

along a single discriminative axis.

5.4 SVM with RBF Kernel — Mathematical For-

mulation for Plant Traits

Algorithm 17 Supervised SVM with RBF Kernel for Genotype Prediction

Require: Phenotype matrix X = {z; € R*}¥,  Genotype labels y; € {+1, -1},
Kernel width o > 0, Regularization parameter C' > 0
Ensure: SVM decision function g(z), Predicted genotype ¢
1: Step 1: Kernel Construction Compute Gaussian kernel matrix: K;; =

exp (= lloi = 2,1/ (20%))
2: Step 2: SVM Dual Optimization Solve for a;:

m(?XXi: Q; — % ZZJ: OéiOéjyiyjKij

subject to 0 < o; < C, >, ay; =0
3: Step 3: Construct Decision Function g(z) = SN | ayyk(z, z;)
4: Step 4: Genotype Prediction 3 = sign(g(x))
5. return g(x),y
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5.4 SVM with RBF Kernel — Mathematical Formulation for Plant
Traits

5.4.1 Decision Function

For a dataset of plant phenotypes:

T; = (mshape,mskel) € Rm, Y; € {—1,+1}, 1= 1, .. ,N,

the SVM decision function with a kernel is defined as:

N
f(]f) = Slgn(Z@zyzk(%ym) + b)a

where:

e «; are Lagrange multipliers obtained from the dual optimization problem.

e ) is the bias term.

o k(xz;, ;) is the kernel function mapping input vectors into a high-dimensional

feature space.

5.4.2 RBF (Gaussian) Kernel

The Radial Basis Function (RBF) kernel is:

2
Kon o)) = oxp <_ u)

202
where o controls the smoothness of the decision boundary:
e Large 0 — smoother boundary, risk of underfitting.

e Small ¢ — highly flexible boundary, risk of overfitting.

The RBF kernel automatically captures non-linear, conditional, and com-
binatorial interactions among plant traits.

Example in our context:

e Curvature ¢ contributes primarily when path length L is intermediate (con-
ditional effect).
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e Branch angles 6 and tip distribution ¢ interact non-additively (combinatorial
effect).

5.4.3 Dual Optimization Problem

The SVM dual problem with the RBF kernel is:

N N
.. 1
maximize, Z =3 Z a0y Yk (T, 5),
=1 1,j=1
N
subject to 0 < ; < C,| Zaiyl- =0,

i=1
where C'is the regularization parameter controlling the trade-off between mar-
gin width and misclassification tolerance.
Only points with «; > 0 are support vectors, which define the decision

boundary in the high-dimensional feature space.

5.4.4 Biological Interpretation for Plant Traits

e Each plant is projected into the high-dimensional RKHS via the RBF kernel.

e SVM identifies a non-linear decision boundary separating genotypes based

on shape (Zshape) and skeleton () traits.
e Conditional and combinatorial interactions are automatically captured:

— Curvature ¢ matters most at intermediate path lengths L.

— Branch density, insertion angles, and tip distribution combine non-

additively.

e Output: Each plant receives a single scalar SVM score f(z) for classifica-

tion.

e Supports interpretation of genotype separation in the non-linear RKHS, pro-

viding a supervised counterpart to unsupervised nSCI modes.
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Traits

1D Projection Along Non-Linear Discriminative Axis Genotype Separation along Discriminative Axis
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Figure 5.2: nSCI Visualization

Figure Visualization of non-linear structural complexity (nSCI) and super-
vised genotype separation (SVM/KFD) in Indian mustard. The figure illustrates
the distribution of Indian mustard genotypes along non-linear axes derived from
both unsupervised and supervised analyses.

(a) nSCI: The first nSCI mode captures dominant non-linear architectural
variation. RE genotypes (RE-2-2, RE-8, RE-13, RE-14, RE-35-4) cluster on the
negative end, whereas CN genotypes (CN-101849, CN-105306, CN-105308, CN-
101846) cluster on the positive end. Each plant’s position represents its scalar
projection along the first nSCI mode, reflecting latent structural complexity.

(b) SVM with RBF Kernel and KFD: Using the same RKHS, the SVM
learns a non-linear decision boundary. Plants are mapped to a scalar SVM score (y-
axis) for classification. RE genotypes are represented as red circles, CN genotypes
as blue triangles. Conditional effects (e.g., curvature at intermediate path lengths)
and combinatorial interactions (branch number, insertion angles, tip distribution)
are automatically captured. KFD projects plants onto a supervised non-linear
axis optimized to maximize between-class separation, explicitly revealing trait

contributions along the discriminative axis.
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5.5 Deep Kernel Learning (DKL) for Plant Geno-

type Discrimination

5.5.1 Motivation

Standard RBF kernels applied directly to raw plant features may fail to capture
complex, hierarchical, and conditional dependencies among traits such as curva-
ture, path length, branch count, and insertion angles.

Deep Kernel Learning (DKL) combines neural networks with kernel meth-
ods to learn a data-driven kernel that adapts to the underlying architecture of phe-
notypes. This enables non-linear, conditional, and combinatorial feature

interactions to be captured automatically.

5.5.2 Mathematical Framework

Let x € R?! denote a plant phenotype vector:
€r = (-Ishapeaxskel)
where
® Tgape = (area, solidity, eccentricity, compactness ...)

e 1y = (path length, branch count, curvature, insertion angles ...)

5.5.2.1 Neural Network Feature Mapping

A neural network ¢g : R?' — R? maps raw features to a latent representation:

Zi:¢9<xi)> Zzl,,N

where d < 21 is the latent dimension and # denotes the network parameters
(weights and biases).

For a single-hidden-layer network:
pg(x) = a(Wx +b)
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with

21
Zk:0'<Zijmj+bk>a kzl,,d

j=1

where W € R™2 h € RY, and o(-) is a non-linear activation function (ReLU,
tanh, etc.)

Biological Interpretation: Each latent coordinate z; represents a learned

architectural motif, capturing higher-order structural patterns. For example:

21 = (0.7 - curvature 4 0.6 - path length — 0.8 - solidity + b)
activating strongly for plants with long, highly curved branches and low solid-
ity—characteristic of a specific genotype.
5.5.2.2 Kernel Construction in Latent Space

Once mapped to the latent space, similarity is computed using a Gaussian kernel:

ko(wi, 2;) = exp ( - H%(Ii);afe(xj)”?)

Two plants are considered similar if they are close in the learned architectural

space, even if their raw feature values differ substantially.

5.5.2.3 Supervised Genotype Classification

The kernel-based decision function in the learned latent space is:

N
go(x) = Zaiyil%(xaxi) +b
i=1

where y; € {+1,—1} denotes genotype labels, «; are learned coefficients, and
b is a bias term.

The joint optimization over v and 6 minimizes the regularized empirical risk:

1 A
min Zmax((), 1 —yige(x:)) + §”O‘H2
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5.5.3 Local Trait Sensitivity and Interaction Structure

5.5.3.1 Trait Sensitivity

The gradient of the decision function with respect to input features measures the

local influence of each trait:

Su(2) = Vagala) = =5 " aspibe(, ) (Van(e)) T (Bu(z) — du(z)

Traits influence predictions primarily within specific structural neighborhoods

defined by the support vectors.

5.5.3.2 Trait Interaction Structure

Non-additive interactions are captured by the Hessian:
Hy(x) = Vige(z)

— % Z a;yike(x, ;) Jo(2) (¢9($) — gzﬁg(xz)) (¢9($) _ ¢0(ZE¢))TJ9(x)T
— 5 (e, 5)Vi60(0) 5.7

where Jy(z) = V,¢g(x) is the Jacobian of the neural network mapping.
Interpretation: Non-zero mixed partial derivatives indicate combinatorial
effects. For example, branch count x solidity interacts strongly only in dense

architectures.

5.5.4 Advantages over Standard Kernels

e Learns hierarchical feature interactions automatically.

e Captures conditional and non-monotonic dependencies, including U-

shaped trait trends.
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e Maps biologically similar but non-identical plants closer in latent space, im-

proving genotype separation.

5.5.5 Empirical Example: U-Shaped Non-Monotonic Cur-

vature Dependency

Consider three genotypes characterized by curvature ¢ and path length L:

(¢, L) : Genotype 1 — (0.2,0.3), Genotype 2 — (0.8,0.6), Genotype 3 — (0.3,0.9)

Linear methods or raw RBF kernels fail to capture the U-shaped dependency,
misclassifying Genotype 3. DKL maps these points into a latent RKHS where
conditional dependencies and combinatorial interactions are represented

non-linearly, enabling correct genotype discrimination.

5.5.6 Deep Kernel Learning (DKL) — Supervised Non-

Linear Genotype Discrimination

Figure illustrates the behavior of Deep Kernel Learning (DKL) for genotype
discrimination in Indian mustard. Unlike nSCI, which characterizes intrinsic ar-
chitectural complexity in an unsupervised manner, and unlike SVM with a fixed
RBF kernel or Kernel Fisher Discriminant (KFD), which operate in a predefined
Reproducing Kernel Hilbert Space (RKHS), DKL learns the kernel itself through
a neural network—based feature mapping.

Raw phenotypic descriptors are first transformed into a latent architectural
space, where similarity is computed using a Gaussian kernel. This learned embed-
ding reshapes the RKHS such that plants sharing biologically meaningful struc-
tural patterns are mapped closer together, even when their raw phenotypic traits
differ substantially.

The figure demonstrates that DKL resolves complex non-linear genotype struc-
ture that cannot be fully separated using fixed kernels. In particular, plants ex-

hibiting U-shaped or conditional dependencies between curvature and path length
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Figure 5.3: Deep Kernel Learning (DKL) for supervised genotype discrimination

are correctly organized along a discriminative axis in the learned RKHS. Hierar-
chical and combinatorial trait interactions such as curvature acting jointly with
branching density and insertion angles are implicitly encoded within the latent
representation. As a result, genotype separation becomes more compact and ro-
bust, with reduced class overlap compared to SVM with an RBF kernel and KFD.

Overall, the visualization confirms that DKL provides the most expressive
supervised model among the evaluated approaches, achieving improved genotype

discrimination by jointly learning feature representations and kernel similarity
within a unified RKHS framework.

5.6 High-Dimensional Phenotyping and Genotype-

to-Phenotype Mapping

5.6.1 An Overview of Method

A modular image-based phenotyping pipeline has been proposed to extract struc-
tural features from RGB images of plants and map phenotype representations

to genotype labels using supervised machine learning. The pipeline includes fea-
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Mapping

ture engineering, nonlinear dimensionality reduction, clustering, and classifica-
tion using both Random Forest and XGBoost. It outputs a reduced-dimensional
phenotype space, phenotype clusters, genotype prediction models, and important

phenotype traits.

!

Figure 5.4: Proposed Pipeline

5.6.2 Step 1: Image Acquisition, Preprocessing, and Seg-

mentation

For each genotype, a set of RGB images
P=Aay,as,...,a,},

where each «; is an RGB image containing both top and side views of the plant,
preprocessing is performed to obtain clean binary masks for subsequent analysis.
For each image a; € P, the top and side views ([iop, [side) are first extracted.
Color correction, including white balancing and color calibration using reference
cards, is applied to Iop. The corrected image is then spatially normalized through
cropping and rotation to ensure consistent orientation across samples.

Plant regions are segmented from the background using thresholding and region-
of-interest filtering in the Lab color space, resulting in a binary mask M;. Mor-
phological operations, including hole filling and dilation, are subsequently applied

to remove segmentation artifacts and improve mask continuity:.
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5.6.3 Step 2: Skeletonization and Structural Feature Ex-

traction

From each cleaned binary mask M;, a medial axis skeleton S; is computed using
skeletonization techniques. To eliminate spurious branches introduced by noise
or minor irregularities, the skeleton is pruned using a predefined length threshold
7, yielding a refined skeleton S!. Structural features are then extracted from
S!, including the number and spatial distribution of branch points (B;), terminal
tips (7;), branch lengths, angular relationships, and curvature measures, which

collectively characterize the plant’s structural topology.

5.6.4 Step 3: Morphological Feature Extraction and Fea-

ture Matrix Formation

In parallel, global morphological features are computed directly from the binary
mask M;. These include shape descriptors such as area, convex hull area, solid-
ity, aspect ratio, and compactness, forming a morphological feature set H;. The
skeleton-based features and shape descriptors are then combined to form a unified

feature vector

The complete feature matrix is constructed as
F={FR,F,...,F,},

which is subsequently normalized to obtain F,.,. This normalized feature matrix

serves as the input for downstream analysis and classification.

5.6.5 Step 4: Dimensionality Reduction and Clustering

The extracted feature vectors are aggregated into a unified feature matrix F' =
{F\, F,...,F,}, where each F; represents the morphological descriptor of an in-
dividual plant. Prior to analysis, feature normalization is performed using either
Z-score normalization or Min—Max scaling to ensure comparability across heteroge-

neous descriptors. To capture non-linear relationships and reduce dimensionality,
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Algorithm 18 Dimensionality Reduction and Clustering of Plant Features

Require: Normalized feature matrix F}om

Ensure: Reduced feature matrix Fpg, clusters

Dimensionality Reduction:

Choose DR method: DR method € {KernelPCA, UMAP, t-SNE}
DR_model < £itDR(Fjorm, DR_method)

Fpr + transform(Fyom, DR-model)

Clustering:

Clusters < KMeans(Fpg, k)

return Fpg, Clusters

kernel-based or manifold learning methods such as Kernel PCA, UMAP, or t-SNE
are applied, yielding a reduced representation Fpg. Finally, K-Means clustering
is performed in the Fpr space to identify intrinsic phenotype clusters based on

structural similarity.

Algorithm 19 Genotype Classification and Feature Interpretation

Require: Reduced feature matrix Fpg, image set P

Ensure: Classification accuracies RF _Accuracy, X GB_Accuracy and feature im-
portances RF _Features, XGB_Features

Labels < genotypeLabels(P)

Training Classifiers:

RF < trainRandomForest(Fpg, Labels)

XGB « trainXGBoost(Fpr, Labels)

Cross-validation:

RF_Accuracy < crossValidate(RF)

XGB_Accuracy < crossValidate(XGB)

Feature Importance:

RF _Features < featureImportance(RF)

XGB_Features < featureImportance(XGB)

: return RF'_Accuracy, XGB_Accuracy, RF_Features, XGB_Features

—_ =
— O

5.6.6 Step 5: Genotype Classification and Feature Inter-

pretation

Genotype classification is performed by training Random Forest (RF) and XG-

Boost (XGB) models on the reduced feature representation Fpgr using known
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genotype labels. Model performance is evaluated through cross-validation to en-
sure robustness. Feature importance scores derived from both classifiers are sub-
sequently analyzed to identify and rank the most influential traits contributing to

genotype discrimination.

5.6.7 Output

The pipeline outputs Table [5.1}
e A reduced-dimensional phenotype space Fpg.
e Phenotypic clusters representing structural variation.
e Trained RF and XGB classifiers with cross-validated accuracies.

e Ranked phenotypic features important for genotype prediction.

5.7 Results

In this study, the SCI framework is extended by integrating it into a comprehen-
sive phenotypic feature set that combines both skeleton-based traits (e.g., path
length, curvature, insertion angles) and shape-based traits (e.g., area, solidity, ec-
centricity). The resulting feature matrix is normalized and used as input to a
Random Forest (RF) classifier to enable supervised genotype prediction.

To benchmark classification performance, we evaluate additional classifiers
including Support Vector Machines (SVM) [75], XGBoost [76], and Multilayer
Perceptrons (MLP) [77]. RF [78] is employed as a strong baseline due to its
robustness against noisy and high-dimensional biological data, and its ability
to estimate feature importance without relying on linear assumptions. SVM,
with its kernel-based approach, effectively separates complex phenotypic classes
in high-dimensional spaces. XGBoost, a gradient-boosted decision tree ensem-
ble, improves generalization performance through additive model optimization
and built-in regularization. MLP, a type of feedforward artificial neural network,
captures nonlinear interactions among features via multiple hidden layers and

backpropagation. Together, these classifiers represent a diverse set of learning
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paradigms—ensemble methods, margin-based optimization, and deep neural ar-
chitectures—allowing us to explore the relationship between phenotype and geno-
type with high fidelity. This multivariate, nonlinear modeling pipeline not only
enables accurate genotype classification, but also facilitates the identification of

key phenotypic traits through feature importance analysis.

Table 5.1: Classification Performance Comparison

Classifier Accuracy Precision Recall F1-score AUC-ROC
Random Forest 92.4% 0.91 0.92 0.91 0.95
SVM (RBF kernel) 89.6% 0.88 0.89 0.88 0.92
XGBoost 94.1% 0.93 0.94 0.93 0.96
MLP 91.2% 0.90 0.91 0.90 0.93

As shown in Table 5.1, XGBoost achieved the highest overall performance across
all metrics, with 94.1% accuracy and balanced precision, recall, and F1-score val-
ues of 0.93, 0.94, and 0.93, respectively. Random Forest also performed strongly,
reaching 92.4% accuracy and consistent metric values, demonstrating its robust-
ness in handling complex phenotypic data. MLP offered competitive performance,
though slightly lower than ensemble methods, while SVM with an RBF' kernel
produced reasonable results but showed a marginal drop in accuracy and recall.
These results suggest that ensemble-based methods, particularly XGBoost, are
well-suited for phenotype-based genotype prediction, offering both accuracy and
reliability across diverse genotypic classes.

Feature importance analysis identified structural traits such as total path
length, curvature, and insertion angle variability as among the most influential
predictors for genotype classification by both Random Forest and XGBoost mod-
els. Additionally, shape descriptors including solidity, eccentricity, and convex
hull area contributed substantially to classifier performance. As shown in Ta-
ble these features received the highest importance scores from both methods,
underscoring their role in capturing complex phenotypic variations that distin-
guish Brassica juncea genotypes. Features reflecting branching complexity—such
as branch point count and number of skeleton tips—were also ranked highly, em-
phasizing the relevance of detailed architectural traits in genotype discrimination.

The strong concordance in rankings across two ensemble classifiers demonstrates
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Table 5.2: Top 10 most important features ranked by Random Forest and XG-
Boost.

Feature RF Importance XGB Importance
Total Path Length 0.127 0.144
Mean Curvature 0.115 0.130
Solidity 0.098 0.101
Eccentricity 0.093 0.089
Insertion Angle 0.087 0.085
Convex Hull Area 0.075 0.078
Skewness (Shape) 0.069 0.072
Branch Point Count 0.064 0.070
Aspect Ratio 0.060 0.066
Number of Skeleton Tips 0.055 0.062

the robustness and biological relevance of these phenotypic markers.
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Figure 5.5: UMAP-based clustering of Brassica juncea genotypes.

Uniform Manifold Approximation and Projection (UMAP) was used for di-
mensionality reduction, leveraging a rich set of phenotypic descriptors derived
from shape, skeleton, and structural features. UMAP provided superior cluster
compactness and better preservation of global structure compared to other nonlin-
ear techniques. As shown in Figure the UMAP visualization reveals distinct,
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well-separated clusters corresponding to the ten Brassica juncea genotypes.

5.8 An Overview of Method

This chapter investigated non-linear modeling strategies for quantifying plant ar-
chitectural complexity and predicting genotype from image-derived phenotypic
traits. A comprehensive phenotypic feature set combining skeleton-based descrip-
tors (e.g., path length, curvature, branching structure, insertion angles) and shape-
based descriptors (e.g., area, solidity, eccentricity) was constructed to represent
plant architecture.

An unsupervised non-linear Structural Complexity Index (nSCI) was intro-
duced to capture intrinsic architectural variation using a kernel-based represen-
tation in RKHS, without relying on genotype labels. The resulting nSCI score
provides a biologically interpretable scalar measure of plant structural complexity.

To evaluate genotype discrimination performance, multiple supervised learn-
ing models were applied, including SVM with an RBF kernel, Kernel Fisher Dis-
criminant (KFD), Deep Kernel Learning (DKL), Random Forest, XGBoost, and
Multilayer Perceptrons. Among these, ensemble-based methods—particularly XG-
Boost—achieved the highest classification accuracy, while kernel-based models ef-
fectively captured non-linear and conditional trait interactions.

Feature importance analysis confirmed that both skeletal and shape traits con-
tribute significantly to genotype separation, highlighting the biological relevance
of architectural complexity. Overall, the results demonstrate that combining un-
supervised structural complexity modeling with supervised non-linear classifiers
provides a robust and scalable framework for phenotype-based genotype predic-

tion
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CHAPTER O

Topology-Driven Genotype and
Vigor Characterization Using
Persistent Homology

6.1 Introduction

Understanding plant architecture requires analytical frameworks capable of cap-
turing not only local geometric traits but also the global structural organization
that emerges from complex growth processes. While conventional morphological
descriptors quantify individual traits such as length, area, or curvature, they often
fail to represent higher-order structural relationships such as branching connectiv-
ity, internal voids, or repeated architectural motifs that characterize plant form
across genotypes and developmental stages.

Recent advances in image-based phenotyping have enabled the extraction of
rich geometric and skeleton-derived features from RGB images using tools such
as PlantCV [21] and related computer vision pipelines [39, 22]. Although these
features provide valuable quantitative descriptors of plant shape, they are typ-
ically sensitive to noise, image resolution, viewpoint variation, and partial oc-

clusion. Moreover, such descriptors operate at fixed spatial scales and rely on
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predefined geometric assumptions, limiting their ability to robustly characterize
scale-dependent and global structural properties of plant architecture [62, [79, [61].

To overcome these limitations, this study incorporates concepts from Topolog-
ical Data Analysis (TDA), with a particular focus on Persistent Homology (PH),
to characterize plant structural complexity in a scale-invariant and noise-resilient
manner. Unlike traditional morphometric approaches, PH analyzes the connec-
tivity and spatial organization of structures across multiple resolutions without
relying on explicit coordinate systems or rigid shape models [24], 25, 26]. This
makes PH particularly suitable for biological structures such as plants, where
variability and deformation are intrinsic properties rather than sources of error.

Persistent Homology captures topological features that emerge and persist as
a function of a filtration parameter. These features include connected components
(0-dimensional homology), loops or holes (1-dimensional homology), and higher-
dimensional voids when applicable. As the filtration progresses, features are born,
persist across scales, and eventually disappear, allowing meaningful structural
patterns to be distinguished from noise. The resulting topological summaries are
represented using persistence diagrams or barcodes, which compactly encode the
lifespan of each feature [27) 24].

In this work, PH is applied to RGB-derived plant representations by trans-
forming shape contours and skeleton graphs into suitable simplicial or cubical
complexes. Homology in dimensions 0 and 1 is computed to identify connected re-
gions and loop-like structures corresponding to branching patterns, internal gaps,
and repetitive architectural motifs within the plant canopy. These topological
signatures are subsequently vectorized using persistence images or statistical sum-
maries and integrated with machine learning models to enrich phenotypic repre-
sentations beyond conventional geometric descriptors.

Compared to classical morphological metrics, PH-derived features are inher-
ently invariant to scale, rotation, and minor perturbations, while capturing global
structural relationships that are critical for distinguishing subtle architectural dif-
ferences among genotypes. This enables robust classification, comparative anal-
ysis, and clustering of plant architectures across genetic backgrounds or growth
conditions.

Persistent Homology can be applied to both static and time-series plant imag-
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ing data. For static images, PH provides compact descriptors of overall canopy
complexity and internal structural organization. When applied to longitudinal im-
age sequences, PH enables the tracking of topological feature evolution over time,
revealing growth dynamics, developmental transitions, and structural responses to
environmental stress. Consequently, PH is particularly powerful when used with
multi-day phenotyping data, where temporal changes in plant architecture can be
systematically quantified.

Beyond methodological contributions, topology-based descriptors have increas-
ing relevance in applied plant science domains. In automated and mechanical
harvesting systems, quantifying global canopy structure and branching unifor-
mity is critical for identifying ideotypes compatible with robotics [33, 29]. In
controlled-environment and vertical farming systems, topology-aware measures of
canopy density and internal void distribution support optimization of light in-
terception and space utilization [80, 81]. Furthermore, deviations in topological
signatures can reflect stress-induced structural alterations, enabling robust detec-
tion of drought, heat, or nutrient stress responses [82], 47, [65]. Thus, Persistent
Homology provides a principled and extensible framework for advancing topology-

aware plant phenotyping and genotype-to-phenotype analysis.

Random Forest (RF): Random Forest is an ensemble-based supervised learn-
ing method that constructs a collection of decision trees using randomized fea-
ture subsets and bootstrapped training samples, and aggregates their predictions
through majority voting [49]. This ensemble strategy reduces variance and mit-
igates overfitting, making Random Forest particularly robust when dealing with
high-dimensional and potentially noisy phenotypic descriptors.

In the context of image-based plant phenotyping, the extracted feature space—
comprising shape-based metrics, skeleton-derived descriptors, and Persistent Ho-
mology (PH) representations—exhibits heterogeneity in scale, distribution, and
statistical properties. Random Forest is well suited to such conditions, as it does
not assume linear separability or specific feature distributions and can naturally
model complex, non-linear interactions among features.

Within this study, Random Forest is employed as a non-parametric reference

model to evaluate the discriminative capacity of the combined geometric and topo-
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logical feature set. Its inherent ability to capture feature importance and hierar-
chical decision structures provides additional insight into the relative contribution

of morphological versus topological descriptors in plant architecture classification.

Multilayer Perceptron (MLP): The Multilayer Perceptron (MLP) is a feed-
forward neural network architecture designed to model complex, non-linear rela-
tionships between input features and output classes [83]. In the context of plant
phenotyping, the relationships between image-derived descriptors and phenotypic
classes are rarely linear, as architectural traits emerge from the interaction of
multiple geometric, structural, and topological factors.

Unlike linear classifiers, MLPs learn hierarchical feature representations by
progressively transforming the input space through multiple hidden layers. This
property makes them particularly suitable for integrating heterogeneous feature
sets, such as skeleton-based descriptors and Persistent Homology (PH)-derived
topological signatures, which encode complementary aspects of plant structure.
Through backpropagation, the network adapts its connection weights to capture
non-linear dependencies between these features and the underlying phenotypic
categories.

In this study, the MLP serves as a unifying non-linear model that maps
the fused feature space—comprising skeleton geometry and PH-based represen-
tations—onto phenotypic class labels. Rectified Linear Unit (ReLU) activation
functions were employed to facilitate efficient optimization and stable gradient
propagation, enabling the network to learn discriminative patterns arising from
complex plant architectural organization. By leveraging both geometric and topo-
logical information, the MLP effectively captures higher-order structural variations
that are not adequately modeled by linear decision boundaries.

Support Vector Machine (SVM): Support Vector Machine (SVM) is a
supervised learning framework widely used for classification problems involving
high-dimensional and structured feature spaces [48]. In image-based plant phe-
notyping, the extracted descriptors—particularly skeleton-based metrics and Per-
sistent Homology (PH) representations—often reside in a high-dimensional space
where class separation is not trivially linear.

SVM addresses this challenge by learning an optimal separating hyperplane
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that maximizes the margin between phenotypic classes, thereby enhancing gen-
eralization performance. To accommodate the non-linear relationships inherent
in plant architectural features, the radial basis function (RBF) kernel was em-
ployed. This kernel implicitly maps the fused geometric and topological feature
space into a higher-dimensional representation, enabling the separation of complex
and overlapping phenotypic patterns.

Within the proposed framework, SVM serves as a strong non-linear baseline
for evaluating the discriminative power of the combined skeleton and PH-derived
features. Its margin-based formulation provides robustness to noise and high-
dimensionality, making it well-suited for assessing whether the extracted structural

and topological descriptors yield separable phenotypic classes.

6.2 Proposed Work

Skeleton-Based Feature Extraction. Given animageset P = {aq, a9, ..., a,},
each plant image «; is first preprocessed to reduce noise and normalize imag-
ing conditions. The plant region is then segmented to obtain a binary mask
M; = segmentPlant(«;). A skeletal representation S; = skeletonize(M;) is com-
puted to capture the medial axis and branching structure of the plant. To suppress
spurious branches caused by segmentation artifacts, the skeleton is pruned using a
predefined threshold, yielding S! = pruneSkeleton(.S;). Skeleton-based descriptors

are then extracted from the pruned skeleton,
L s(lizl = extractSkeletonFeatures(S;),

and aggregated over all samples to form the skeleton feature set Fyq.

Persistent Homology Feature Fusion and Genotype Classification. For
each segmented plant mask M;, the Euclidean Distance Transform D; = computeEDT (M)
is computed to generate a scalar field encoding local thickness and spatial orga-

nization. Persistent homology is applied to the sublevel-set filtration induced by
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D;, producing a persistence diagram
PD; = computePersistenceDiagram(D),

which summarizes multi-scale topological features of the plant structure. From

each persistence diagram, a set of statistical topological descriptors
Flgi&stat = extractPHStatistics(PD;)
is extracted, and a persistence image representation
P1I; = generatePersistencelmage(PD;)

is constructed to obtain a fixed-dimensional encoding of the topological informa-
tion.

The final fused feature vector for each image is defined as
F; = concatenate(Fs(Ql, Fé?lstat, P]i).

The collection of fused features F' = {F;}!,, together with the corresponding
genotype labels L = {g¢;}, is used to train a supervised classification model.
The trained model predicts genotype classes based on the combined skeletal and

topological representations.

6.2.1 Topological Features and Summary Statistics

Topological features were extracted from the persistence diagrams corresponding
to connected components (Hy) and loops (H;), capturing complementary aspects
of plant structural organization.

Connected Components (Hj). Persistence diagrams in dimension Hj char-
acterize the emergence and merging of connected regions within the plant struc-

ture. From PDiHO, the following summary statistics were computed:
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1. Total number of connected components:
|PD;"|

representing the number of distinct foreground components appearing during
the filtration.

2. Maximum persistence:
max(d; — b;)

J

corresponding to the most dominant connected component.

3. Mean persistence:
1
DM > (d; —by)
t J

capturing the average lifespan of connected components across scales.

4. Total persistence:

> (d; —by)

j
which quantifies the overall stability of connectivity within the plant struc-

ture.

5. Connectivity persistence ratio:

HO_MaxPersistence
HO_MeanPersistence + €

measuring the dominance of the principal connected component relative to

smaller components, where € is a small constant to ensure numerical stability.

Loops and Holes (H;). Persistence diagrams in dimension H; capture cyclic
structures and internal voids that arise from branching patterns, canopy gaps, and

repeated motifs. From PD!™ the following features were extracted:

1. Total number of loops:
|PD{"|
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. Maximum persistence:

max(d; — b;)

. Mean persistence:

. Total persistence:

. Loop density: number of loops per unit plant area A,

|PD;"|
A

. Loop area (weighted persistence):

> (d; — b))

J

. Loop persistence ratio: dominance of the most persistent loop

H1_MaxPersistence
H1_MeanPersistence + €

where € avoids division by zero.

6.3 Theoretical Foundations of Persistent Ho-

mology—Based Learning

This section establishes the theoretical foundation underlying the proposed image-

based genotype—phenotype learning framework. Rather than presenting exper-

imental results, it formalizes how plant images are represented mathematically,

how persistent homology acts as a stable structural representation, and how phe-

notype prediction is built upon this representation. The objective of this section is

to provide mathematical justification for robustness, stability, and transferability
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of the proposed approach, thereby supporting the methodological choices made in

subsequent chapters.

6.3.1 Image Domain and Function Space

Let 2 C R? be a compact spatial domain corresponding to the image plane. An

RGB plant image is modeled as a bounded function
I:Q—-R?

where I(z) = (Ig(z),Ig(x), Ig(x)) denotes the color intensity at pixel location
x €.
We define the image space

T := L>(Q,R?)
equipped with the supremum norm
[ l|oo := sup [[1(z)]]-
e

This norm provides a natural measure of worst-case pixel perturbations induced

by noise, illumination variation, or sensor artifacts.

6.3.2 Perturbation Model

Environmental and imaging variability are modeled as additive perturbations 61 €

Z. Given two observed images [y, [ € Z, we quantify their difference by
[y = Lol <€

for some £ > 0. Stability under this perturbation model is a central requirement

for robust genotype-phenotype learning.
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6.3.3 Scalar Filtration Construction

To construct persistent homology, we associate each RGB image with a scalar
filtration function. Let
$:R* =R

be a continuous mapping from color space to intensity, such as grayscale projection,
vegetation index, or learned scalarization.

Define the scalar function
fi(z) = o(I(x)), x€q.
For each threshold ¢ € R, we define the sublevel set
X ={z e Q] filz) <t}

The collection {X;},cr forms a filtration of topological spaces satisfying X, C X
for s <t

6.3.4 Persistent Homology and Diagrams

For each homological dimension k£ > 0, we compute the persistent homology of
the filtration {X;}. This yields a multiset of birth-death pairs

Dy(I) := {(b;, di)} X

where each pair corresponds to the appearance and disappearance of a k-dimensional
topological feature.

The collection
D(I) := {Dr(I)}2y

is referred to as the persistence diagram of the image I up to dimension K. These

diagrams summarize the multi-scale topological structure of plant morphology.

94



6.3 Theoretical Foundations of Persistent Homology—Based Learning

6.3.5 Metric Structure on Persistence Diagrams
Let D denote the space of persistence diagrams. To compare diagrams, we employ

the bottleneck distance

dg(Dy, Ds) :=inf sup [|p — 7(p) |l
peD;

where ~ ranges over bijections between diagrams allowing matching to the diago-
nal.
The bottleneck distance provides a natural metric on D and plays a central

role in stability analysis.

6.3.6 Stability of Persistent Homology

The following theorem formalizes the robustness of persistent homology under

image perturbations.

Theorem 6.1 (Stability of Sublevel-Set Persistent Homology) Let I, 1, €
T be two images, and let D(Iy), D(I3) denote their corresponding persistence dia-

grams. Then

dp(D(I1), D(I2)) < ||fr, — fnlle

If ¢ is Lipschitz continuous with constant Ly, then
dp(D(11), D(13)) < L[| ) — Il

This result implies that infinitesimal pixel-level perturbations cannot induce
large topological changes, establishing persistent homology as a stable representa-

tion for image-based learning.

6.3.7 Topological Representation Operator

We define the persistent homology operator

P:I—-D, P):=D)
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This operator maps images to a structured, multi-scale topological representation
that is invariant to small perturbations and robust to noise.

The separation between representation learning (via P) and prediction is a key
aspect of our framework and forms the basis for the stability and transferability

results presented in the next section.

6.4 Learning Model, Stability, and Transferabil-
ity

In this section, we define the learning model built upon persistent homology repre-
sentations and establish theoretical guarantees for stability and cross-trait trans-

ferability.

6.4.1 Learning Model via Topological Representations

Let P : Z — D denote the persistent homology operator defined in Section 3. We
consider predictors of the form

f=hoP

where h : D — R is a regression function mapping persistence diagrams to scalar
phenotypes.

This formulation explicitly separates representation learning from prediction.
All image variability is handled by the topological operator P, while phenotype-

specific information is encoded in h

6.4.2 Lipschitz Continuity of the Regression Map

We assume that the regression function A is Lipschitz continuous with respect to
the bottleneck distance. That is, there exists a constant L; > 0 such that for all
persistence diagrams Dy, Dy € D,

|h(D1) — h(Ds)| < L dg(D1, Ds)
This assumption is mild and holds for a wide class of learning models, includ-
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ing linear regression on vectorized persistence diagrams, kernel methods defined
on D, and neural networks with bounded weights operating on stable diagram

embeddings.

6.4.3 Stability of the Composite Predictor

We now establish stability of the full genotype—phenotype predictor under image

perturbations.

Theorem 6.2 (Stability of the Composite Predictor) Let 1,15 € T be two
images such that ||Iy — I1]|oc < €. Then

|f(I) = f(I2)| < LpLge

By definition,

[f (L) = f(I2)] = [W(P(11)) = h(P(I2))].

Using Lipschitz continuity of h, we obtain

|f(1) — fl2)] < Lpdp(P(11),P(12))

Applying the stability theorem of persistent homology from (Theorem [6.1)) yields
dp(P(11), P(L2)) < L[|y — Iz

Combining the inequalities completes the proof
This result provides an explicit robustness guarantee: small pixel-level pertur-

bations induce proportionally small changes in phenotype predictions.

6.4.4 Genotype—Phenotype Factorization

We now relate the image-based learning model to underlying biological structure.
Let G denote genotype, and let M(G) denote the resulting plant morphology,
modeled as an abstract geometric object. The observed image I is a projection of

M (G) under environmental and imaging conditions.
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We assume that phenotypic traits depend smoothly on morphology, i.e.,

y =(M(G))

for some smooth function . Since persistent homology captures intrinsic topo-

logical properties of morphology, we posit the factorization

y ~ h(P(I))

6.4.5 Cross-Trait Transferability

Consider multiple phenotypic traits {y}7_, derived from the same underlying

morphology. Each trait admits a predictor
f(j) —pU) op

sharing the same topological representation P but differing in the regression map
h)

This shared representation explains empirical observations of cross-trait trans-
ferability: once P captures the structural essence of plant morphology, multiple

phenotypes can be learned efficiently from the same topological features.

6.4.6 Implications for Generalization

The stability and factorization results jointly imply that persistent homology acts
as a structural bottleneck that filters out nuisance variability while preserving
biologically meaningful information. This explains both improved robustness and

improved generalization across environments, genotypes, and phenotypic traits.

6.4.7 Euclidean Distance Transform (EDT)

Given a binary segmentation mask M;, where M;(x,y) = 1 for foreground (plant)
pixels and 0 otherwise, we compute the Euclidean Distance Transform (EDT) to
obtain a grayscale image D;. Each pixel in D; is assigned the shortest distance to

the nearest background pixel, formally computed as:
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Di(z,y)=  min  /(x—2)+(y—y)>

i

(z’,y")€background

Euclidean Distance Transform 35

5

Figure 6.1: Euclidean Distance transform

0

This transformation provides a "landscape” that highlights the thickness of
plant structures—pixels farther from the background receive higher values, effec-
tively encoding the internal density of the plant.

To extract topological features from the plant’s shape, we begin by computing a
Euclidean Distance Transform (EDT) of the plant mask M;, producing a grayscale
image D);. This distance map encodes how deep each pixel is within the plant
structure interior pixels have higher values, while boundary pixels are closer to
zero. From D;, we construct a topological filtration using a sequence of superlevel

sets:
Fy=A{(z,y) | Di(z,y) > t}

where ¢t varies from the maximum to the minimum pixel value in D;. As t decreases,
more of the plant structure is included in the superlevel set F}, gradually revealing
the entire shape.

We treat the image domain as a 2D cubical complex, where each pixel is a

2-cell (square), and the filtration creates a nested sequence of topological spaces.
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6.4.8 Compute Persistence Diagram (PDj;)

Once we have the Euclidean Distance Transform D;, the next step is to extract a
Persistence Diagram P D; using topological data analysis (TDA). This diagram
captures the appearance and disappearance of topological features—such as con-
nected components and loops—during a filtration process based on pixel distance

values.

e Filtration: A superlevel set filtration is applied to D;, where pixels with
higher values (typically interior plant regions) are included first, and lower

values (near edges) later.

e A cubical complex representation—well-suited for grid-based image data—is

used to track topological changes throughout this filtration.
e As the threshold decreases:

— New connected components (0-dimensional features, Hy) are born.
— Existing components may merge, leading to the death of one.

— Loops or holes (1-dimensional features, H;) can form and eventually
get filled.

6.4.9 Persistence Diagram

The above figure Figure presents a Persistence Diagram for one-dimensional
homology (H;), illustrating the birth and death of topological features detected in
the plant structure. Each point represents a loop-like feature whose “birth” marks
the scale at which it first appears, and whose “death” indicates the scale at which
it disappears during the filtration process. Points positioned far from the diagonal
correspond to more persistent and biologically meaningful structural patterns,
whereas points close to the diagonal indicate noise or minor geometric fluctuations.
The distribution of points across the diagram reflects the complexity of the plant’s
branching geometry, capturing subtle topological variations that traditional RGB-
based or skeletonization methods often miss. This demonstrates the robustness
of persistent homology in identifying hidden structural relationships, even under

conditions where branch overlap or occlusion occurs.
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Persistence Diagram (Dimension 1)
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Figure 6.2: Persistence Diagram

6.4.10 Persistence Image Generation:

To provide a fixed-dimensional, differentiable topological descriptor suitable for
machine learning, we convert each persistence diagram into a persistence image
(PI). First, all (b, d) pairs are transformed into (b, p), where p = d —b, emphasizing
persistence. This new coordinate space is discretized into a uniform grid (typically
30 x 30 bins). For each transformed point, a Gaussian kernel is centered at (b, p)
and spread across the grid. The pixel value at location (z,y) is computed by

summing:

Iaas= Y e

(b,p)ePD

(_(m—b)“r (y—p)Q) |

202

where o controls the spread of each point’s contribution. The resulting 30 x 30
matrix is flattened into a 900-dimensional vector PI; € R This persistence
image preserves spatial information of topological features in a format suitable for

standard classifiers.
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Persistence Image (30x30)
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Figure 6.3: Persistence Image
Output: Persistence Diagram PD;: The result is a multiset of birth-death
pairs (bj,d;), where:
e b;: filtration value when a topological feature appears,
e d;: filtration value when it disappears.

Each point in the persistence diagram corresponds to a single topological fea-
ture. Features with a large persistence d; — b; (i.e., far from the diagonal) are
typically significant. In contrast, short-lived features near the diagonal may rep-

resent noise.

e Captures global structural traits like symmetry, repeated motifs, and

internal voids.

e Robust to noise, deformation, and scale, offering complementary insights

to conventional shape descriptors.

e Enables quantification of complex morphology in a principled, scale-

invariant way.
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6.4.11 Persistent Image

The persistence image (30x30) shown in Figureprovides a compact, grid-based
representation of the topological features encoded in the persistence diagram. Each
pixel corresponds to the aggregated contribution of nearby birth—death pairs af-
ter applying a Gaussian weighting function. Brighter regions (yellow to white)
indicate zones with a high density or strong influence of persistent topological fea-
tures, while darker regions (black to deep red) represent areas with fewer or less
persistent features. In this image, the strong intensity concentrated toward the
upper-right portion of the grid suggests the presence of features with relatively
higher persistence, which typically correspond to stable structural patterns within
the plant morphology. The smooth gradient across the image demonstrates how
persistence information is diffused into a continuous feature space, enabling more
robust comparisons across samples. This transformation is particularly advanta-
geous for machine-learning workflows, as the persistence image converts complex
topological signatures into a fixed-size numerical representation suitable for clus-
tering, classification, or regression tasks.

The second component, persistent homology summary statistics (Fppstat), cap-
tures topological information derived from persistence diagrams. Finally, the third
component is the persistence image (P1I;), a 900-dimensional vector obtained by
flattening a 2D representation of the persistence diagram. This image encodes the
spatial distribution and significance of topological features in a form suitable for
machine learning. The combined vector F; € R%?! thus provides a comprehensive

morphological and topological characterization of each plant image.

6.5 Results

6.5.1 Feature Concatenation

Once the individual feature components have been extracted for each plant image
«;, they are combined into a single high-dimensional feature vector F;. This vector

integrates three types of features.
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All feature vectors are compiled into a dataset:
F={FR,F,...,F,} RV

where n is the number of plant images.
Each vector F; is paired with a genotype label g;, forming the supervised label

set:

G:{glag27"'agn}

Together, the dataset (F, G) serves as the input for downstream statistical and
machine learning models. This integrated feature representation enables robust
and interpretable classification of plant genotypes, especially where morphological

variations are subtle or distributed across spatial scales.

6.5.2 UMAP-Based Dimensionality Reduction and Anal-
ysis

Figure [6.4] was employed for dimensionality reduction, utilizing a comprehensive
set of phenotypic descriptors derived from shape, skeleton, and structural features.
Compared to other nonlinear methods, UMAP demonstrated superior cluster com-
pactness and better preservation of the global data structure. The UMAP visu-

alization distinctly separates the ten Brassica juncea genotypes into well-defined

clusters.
Table 6.1: Comparison of classifier performance
Classifier Feature Set | Accuracy (%) | Fl-score (%)
SVM Skeleton only 87.4 86.6
SVM Skeleton + PH 93.7 93.1
Random Forest | Skeleton only 88.5 87.9
Random Forest | Skeleton + PH 94.2 93.6
MLP Skeleton + PH 92.5 91.1

The experimental results demonstrate that the integration of persistent ho-
mology (PH) features with conventional skeleton-based descriptors significantly

enhances genotype classification performance across all classifiers. Skeleton-only
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UMAP Clustering of Brassica juncea Genotypes
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Figure 6.4: UMAP-based clustering of Brassica juncea genotypes.

features, while informative of plant structure, tend to capture local branching pat-
terns and length distributions. However, they often miss global spatial arrange-
ments and voids that are critical for distinguishing complex canopy architectures.
PH features, derived from topological data analysis, provide a robust representa-
tion of these global patterns by quantifying loops, connectivity, and voids across
multiple spatial scales. When combined, the two feature sets offer complementary
perspectives on plant morphology—skeleton features encode fine structural traits,
while PH captures scale-invariant topological complexity. This fusion results in a
richer, more discriminative feature space, which explains the marked improvement
in accuracy and Fl-score observed in all classifiers, particularly Random Forest

and SVM.

6.6 Topological Structural Vigor Index

Most existing vigor studies focus on seed or early-stage vigor using spectral sig-
nals and machine learning. In contrast, the present work targets plant-level vigor
by analyzing structural and morphological traits of the growing plant. By lever-
aging topological data analysis, the proposed framework captures architectural

complexity and growth patterns that are intrinsically linked to plant vigor but are
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not explicitly represented in seed-based or appearance-driven approaches.
This section presents the conceptual formulation, mathematical definition, and
biological interpretation of the proposed vigor indices, establishing a theoretically

grounded basis for subsequent experimental validation.

6.6.1 Definition of Plant Vigor

Plant vigor is a holistic biological trait that reflects a plant’s overall growth poten-
tial, structural integrity, and architectural organization under given environmental
conditions. In image-based phenotyping, vigor is not solely a function of visual
appearance or canopy greenness, but rather emerges from the coordinated inter-
action between physiological health and structural development.

In particular, plant vigor is characterized by the following structural and spatial

properties:

e Stem and branch connectivity, which reflects mechanical strength, vas-

cular continuity, and efficient transport of water and nutrients.

e Canopy closure and loop formation, indicating leaf overlap, self-supporting

architecture, and the organization of photosynthetically active surfaces.

e Spatial compactness, capturing how efficiently plant biomass is distributed

within the occupied canopy region.

e Geometric balance, describing proportional growth along vertical and lat-

eral axes and overall architectural symmetry.

Healthy (control) plants typically exhibit high vigor, characterized by strong
skeletal connectivity, dense and closed canopies, compact spatial organization, and
balanced geometric growth. In contrast, plants subjected to abiotic or biotic stress
show reduced vigor, manifested through stem thinning, fragmented connectivity,
loss of canopy closure, and increased spatial sparsity. Importantly, such structural
degradation may occur even when color-based indicators remain relatively stable,

underscoring the need for vigor descriptors that extend beyond appearance alone.
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6.6.2 Topological Representation Using Persistent Homol-
ogy

To capture structural and canopy-level properties from RGB plant images, the
Euclidean Distance Transform (EDT) is computed from the binary plant mask.
Persistent homology is then applied on the EDT-based filtration to extract topo-
logical features.

Two homology dimensions are considered:

e H,: Represents connected components and captures global structural con-

nectivity such as stem thickness and branching continuity:.

e H: Represents loops and captures canopy closure, leaf overlap, and archi-

tectural complexity.

Persistent homology descriptors Py, and Pp, are obtained by summarizing the

corresponding persistence diagrams.

6.6.3 Geometric Vigor Index (GVI)

While topological features capture global structural organization, plant vigor is
also reflected in measurable geometric, skeletal, and appearance-based properties.
To complement the Topological Vigor Index, a Geometric Vigor Index (GVI) is

constructed using traits extracted from PlantCV and skeleton-based analysis.

Geometric Shape Descriptors The following geometric traits are extracted
from the segmented plant mask Figure [3.10}

Compactness: Measures canopy density and spatial efficiency, reflecting

how tightly plant biomass is distributed.

Convex Hull Area: Represents overall plant spread and lateral expansion.

Major Axis Length: Indicates plant height and dominant growth direc-

tion.

Minor Axis Length: Indicates lateral growth and canopy width.
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Skeleton-Based Geometric Descriptors To capture internal growth orga-

nization beyond global shape, skeleton-derived geometric properties are also in-
cluded:

e Total Skeleton Length: Measures cumulative stem and branch extent.

e Mean Segment Length: Reflects internode elongation and growth unifor-
mity. Figure

e Branch Angle Statistics: Quantifies angular distribution of branches,

related to canopy openness and architecture. Figure

¢ Euclidean Distance Measures: Distances between key skeletal endpoints

and the plant centroid, capturing growth balance and symmetry.Figure

Color-Based Appearance Descriptors In addition to structural geometry,
physiological vigor influences plant color distribution. Therefore, color statistics

derived from pixel scatter in color space are incorporated Figure [6.3}

e Mean and variance of Lab a—b scatter: Captures chlorophyll dominance

and stress-induced color shifts.

e Color compactness: Measures dispersion of plant pixels in chromatic

space.

Geometric Vigor Index Definition After normalization of all features, the

Geometric Vigor Index is defined as a weighted linear combination:

p
i=1

where G; denotes the i-th geometric, skeleton-based, or color-based feature,
and w; is its corresponding weight. This formulation allows flexible integration of

multiple non-topological descriptors within a single vigor measure.
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6.6.4 Data-Driven Weight Selection for Geometric Fea-

tures

The weights {w;} are learned using a data-driven optimization strategy based
on Fisher’s separation criterion. Each feature is standardized prior to weighting
to ensure scale invariance. Optimal weights are selected to maximize separation
between control and stressed plants, ensuring that features most sensitive to vigor
degradation contribute more strongly to the final index.

This data-adaptive formulation allows the Geometric Vigor Index to capture
changes in plant size, growth direction, skeletal organization, and color distribution

that are not explicitly encoded by topological descriptors.

6.6.5 Data-Driven Selection and Interpretation of «

The weighting parameter a € [0, 1] plays a central role in the definition of the
Topological Vigor Index, as it governs the relative contribution of structural con-
nectivity (Hp) and canopy complexity (H;). Rather than fixing « heuristically, we
determine its value using a data-driven optimization strategy to ensure objective
and biologically meaningful weighting.
For a given value of «, the Topological Vigor Index is computed for all plants
as
TVIiopo(a) = a Py, + (1 — a) Py, (6.2)

To quantify how well a particular « separates healthy (control) plants from

stressed plants, we employ the Fisher separation score:

o 2
F(Oé) _ (Ncontrol ,ustress) (63)

2 2
Ucont rol + Ostress

2
control

2
stress

where fleontror and o denote the mean and variance of TV, for control

plants, and fisiress and o denote the corresponding statistics for stressed plants.
This criterion favors values of a that simultaneously maximize the difference
between class means while minimizing within-class variability, thereby promoting

both discriminability and robustness.
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The optimal weighting parameter is selected as

o = arg max F(a) (6.4)

a€l0,1]

Interpretation of «

The learned value a* admits a clear biological interpretation:

e o =~ 1 indicates that plant vigor is primarily driven by structural connectiv-

ity, such as stem thickness, branch continuity, and global skeletal integrity.

e o =~ ( indicates that canopy complexity and loop formation dominate vigor

differences, reflecting leaf overlap, canopy closure, and architectural density.

e Intermediate values of a* suggest that both connectivity and canopy struc-

ture jointly contribute to vigor, consistent with balanced plant growth.

Practical Implications

Once determined, o* is fixed and used consistently across all experiments, geno-
types, and stress conditions. This prevents overfitting and ensures that vigor
comparisons remain stable and interpretable. Importantly, this data-driven cali-
bration allows the Topological Vigor Index to adapt to different species, develop-
mental stages, or stress regimes while preserving a single, unified mathematical

formulation.

6.6.6 Hybrid Vigor Index (HVI)

Finally, a Hybrid Vigor Index is defined to integrate both topological and geomet-

ric information:

HVI =5 - TVIgpo + (1 —7) - GVI (6.5)

where v € [0, 1] controls the balance between topological and geometric con-

tributions and is selected using data-driven optimization.
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Biological Interpretation of ~

The weighting parameter v has direct biological significance. Topological traits,
such as connectivity and branching patterns, are typically more informative during
early growth stages, as they guide developmental potential. In contrast, geomet-
ric traits, including canopy size and spatial spread, dominate during later stages
of growth. Under stress conditions, structural degradation often precedes visi-
ble reductions in plant size; consequently, topological descriptors serve as early
indicators of vigor loss, whereas geometric traits capture more advanced growth

impairment.

Data-Driven Optimization of v

Rather than assigning v heuristically, its value is determined using a data-driven
optimization strategy that maximizes separability between control and stressed
plants. This ensures that the relative weighting of topological and geometric
contributions reflects observed phenotypic differences, rather than subjective as-
sumptions. Once the optimal value v* is identified, it is applied consistently across
all genotypes and experimental conditions, ensuring reproducibility and compara-
bility of the Hybrid Vigor Index.

6.6.7 Comparison with Traditional Systems

Existing plant phenotyping platforms predominantly rely on color- and geometry-
based descriptors to assess plant status. Commercial systems such as LemnaTec
emphasize spectral indices and global geometric traits, which are effective for
monitoring biomass accumulation and stress-induced color changes but do not ex-
plicitly encode internal architectural organization or connectivity. Open-source
frameworks such as PlantCV provide a rich set of modular tools for extracting
morphological and skeletal traits; however, these features are typically analyzed
independently and are not integrated into a unified vigor index. As a result,
structural degradation affecting branching continuity or canopy closure may re-
main underrepresented, particularly when color-based indicators remain stable.

In contrast, the proposed Hybrid Vigor Index (HVI) integrates geometric,
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skeletal, and topological descriptors within a principled mathematical framework.
By incorporating persistent homology, the framework captures higher-order ar-
chitectural properties such as structural connectivity and canopy closure, while
data-driven weighting ensures robust and interpretable integration of complemen-
tary trait domains. This enables a more comprehensive assessment of plant vigor

that reflects both growth magnitude and architectural integrity.

6.7 An Overview of Method

This chapter demonstrated the effectiveness of Persistent Homology (PH) for en-
hancing genotype discrimination by capturing global architectural characteristics
that are not represented by conventional geometric or skeleton-based descriptors.
UMAP-based visualization revealed that the inclusion of PH features led to more
compact and well-separated genotype clusters, indicating improved preservation
of intrinsic structural relationships among Brassica juncea genotypes.

The classification results further confirmed that integrating PH with skeleton-
based features consistently improved performance across all evaluated classifiers.
While skeleton descriptors effectively encode local branching patterns and length
distributions, they are limited in representing global spatial arrangements, canopy
closure, and internal void structures. PH complements these descriptors by quan-
tifying topological properties such as connectivity, loops, and void persistence
across multiple spatial scales. This complementary fusion results in a richer and
more discriminative feature space, explaining the substantial gains in accuracy
and F1-score observed for SVM, Random Forest, and MLP classifiers.

Beyond genotype discrimination, the topology-aware feature representation
provides meaningful insight into plant vigor and hybrid performance. Hybrid
vigor manifests not only as increased size but also as improved architectural coher-
ence, connectivity, and structural integrity. PH-derived descriptors capture these
higher-order organizational traits by reflecting enhanced persistence of connected
components and loops in vigorous plants. When combined with skeleton-based
features, PH enables a quantitative and interpretable assessment of architectural
superiority in hybrids, establishing a robust framework for topology-driven vigor

analysis and genotype-to-phenotype interpretation.
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6.8 Summary of the Thesis

This work presents an image-based phenotyping framework for quantitative anal-
ysis of plant vigor, architecture, and genotype differentiation, where visual plant
structures are systematically converted into numerical, measurable descriptors
rather than relying on qualitative or subjective assessment. High-dimensional
geometric and topological features were extracted from segmented plant images,
capturing both structural connectivity and spatial form. Dimensionality reduc-
tion techniques were employed to obtain compact representations that preserve
dominant phenotypic variation, enabling effective clustering and visualization of
growth patterns. Unsupervised clustering revealed distinct phenotypic groups,
while supervised learning models were used to classify genotypes and interpret
key discriminative traits. The proposed framework provides a robust, scalable,
and data-driven approach for plant phenotyping, supporting objective assessment

of growth dynamics and genotype-specific architectural characteristics.
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Conclusion

The major conclusions drawn from this study are summarized as follows:

e The proposed Structural Complexity Index (SCI) provides a compact and
interpretable scalar representation of plant architectural complexity by in-

tegrating complementary shape and skeleton-based descriptors.

e The SCI framework successfully captures biologically meaningful structural

variation across developmental stages and genotypes.

e The proposed non-linear Structural Complexity Index (nSCI) extends the
linear SCI formulation through RKHS-based embedding, enabling modeling

of non-linear and conditional trait interactions.

e Kernel-based modeling improves genotype separability by preserving com-

plex architectural dependencies beyond linear representations.

e The integration of Persistent Homology (PH) introduces topology-aware

structural characterization for detecting higher-order connectivity patterns.
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e EDT-based persistent homology descriptors demonstrate robustness to noise,

segmentation artifacts, and structural perturbations.

e Persistence image transformation enables fixed-dimensional machine-learning-

compatible topological encoding.

e The combined SCI-nSCI-PH framework significantly enhances genotype dis-
crimination by jointly capturing geometric, structural, and topological prop-

erties.

e Ensemble and kernel-based classifiers effectively exploit the proposed feature

space for accurate genotype prediction.

e The proposed framework establishes a scalable computational pipeline for

high-throughput genotype-to-phenotype analysis.

The results collectively demonstrate that plant architectural complexity can
be effectively quantified through a unified multi-level representation framework.
By integrating linear structural descriptors, non-linear kernel representations, and
topology-aware analysis, this work provides a mathematically grounded and bi-
ologically interpretable approach for robust plant phenotyping. The proposed
framework not only improves genotype discrimination performance but also estab-
lishes a foundation for scalable architectural analysis across developmental stages

and varying environmental conditions.
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