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Crop ideotype breeding aims to design plant architectures that enhance yield
and resource use efficiency. Accelerating this process demands a framework
for assembling accurate three-dimensional (3D) architecture. This Perspective
synthesizes advances in technologies and methodologies in 3D architectural

phenotyping. Rapid progress has enabled translating these advances into
tangible gains in breeding efficiency. To this end, we propose integrating
functional-structural plant models as an overarching framework that opti-
mizes plant architecture combinations, shifting breeding from experience-
driven to predictive ideotype design. Convergence of 3D phenotyping, plant
modeling and artificial intelligence holds transformative potential to accel-
erate breeding cycles, enhancing productivity, sustainability, and food

security.

Ensuring global food security under accelerating population growth
and climate change remains a critical challenge*. While sustained
genetic improvements have significantly boosted crop yields over the
past decades, further gains through conventional breeding strategies
alone are becoming increasingly difficult to achieve’. Conventional
breeding approaches, which depend heavily on manual phenotypic
assessment and experience-based selection, are constrained by low
throughput, evaluator subjectivity, and limited capacity to character-
ize complex plant architectures. These limitations prevent them from
efficiently supporting the rapid development of high-yielding, high-
quality, and stress-resilient cultivars®. For major crops such as rice and
maize, the breeding cycle from hybridization to varietal stabilization
typically spans 8-10 years, underscoring the urgent need for more
efficient and predictive breeding frameworks*’.

Crop ideotype breeding, first proposed by Donald in 1968, offers a
conceptual pathway towards rational crop improvement by optimiz-
ing plant architecture to enhance light interception, resource-use
efficiency, stress tolerance, and yield potential®. Central to this concept

is the spatial organization of plant organs, particularly canopy and root
system architecture. Canopy architecture refers to the spatial
arrangement and orientation of leaves, stems, and branches within a
plant community, which directly governs photosynthetic efficiency
and competitive interactions’. Root system architecture, defined by
the spatial configuration and branching patterns of roots within the
soil matrix, plays a complementary role in regulating water and
nutrient acquisition, anchorage, and stress adaptation®. Together,
these coordinated shoot-root architectures determine whole-plant
performance and resource-use efficiency. A representative research
example is the “smart canopy” ideotype in maize, in which a vertical
gradient of leaf inclination angles enables efficient light distribution
across canopy layers, while root architectural optimization further
enhances resource capture under high-density planting conditions’.
These coordinated traits provide important targets and acceleration
strategies for the development of high-density-tolerant varieties.
Despite its conceptual appeal, the translation of ideotype theory
into breeding practice has been fundamentally constrained by an

"Ministry of Education Key Laboratory of Crop Physiology, Ecology and Genetic Breeding, Jiangxi Agricultural University, Nanchang, China. 2School of
Computer and Information Engineering, Jiangxi Agricultural University, Nanchang, China. *Research School of Biology, The Australian National University,
Canberra, ACT, Australia. “Yazhouwan National Laboratory, Sanya, China. *Queensland Alliance for Agriculture and Food Innovation, Centre for Crop Science,
The University of Queensland, Brisbane, QLD, Australia. °These authors contributed equally: Quan Wei, Xin Zou. " e-mail: hhhua64@163.com;

y.song@jxau.edu.cn

Nature Communications | (2026)17:5582


http://orcid.org/0000-0003-0673-3873
http://orcid.org/0000-0003-0673-3873
http://orcid.org/0000-0003-0673-3873
http://orcid.org/0000-0003-0673-3873
http://orcid.org/0000-0003-0673-3873
http://orcid.org/0000-0001-6876-3010
http://orcid.org/0000-0001-6876-3010
http://orcid.org/0000-0001-6876-3010
http://orcid.org/0000-0001-6876-3010
http://orcid.org/0000-0001-6876-3010
http://orcid.org/0000-0001-7163-149X
http://orcid.org/0000-0001-7163-149X
http://orcid.org/0000-0001-7163-149X
http://orcid.org/0000-0001-7163-149X
http://orcid.org/0000-0001-7163-149X
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-74679-5&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-74679-5&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-74679-5&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-74679-5&domain=pdf
mailto:hhhua64@163.com
mailto:y.song@jxau.edu.cn
www.nature.com/naturecommunications

Perspective

https://doi.org/10.1038/s41467-026-74679-5

inability to accurately quantify and manipulate plant architecture in
three-dimensional (3D) space, including spatial representation,
arrangement, and interactions among organs. Most current pheno-
typing efforts still rely on two-dimensional (2D) measurements, such as
single-view RGB images, which are inherently limited in their ability to
capture 3D structural information’. Consequently, they fail to accu-
rately represent 3D geometry, organ orientation, spatial relationships
among organs, and the within canopy 3D architectural organization. As
a result, critical architectural traits such as leaf angle distribution,
internode curvature, branching topology, and within-canopy light
gradients are either underrepresented or entirely overlooked, leading
to incomplete and potentially biased phenotypic characterization'?,
These limitations result in substantial information loss when repre-
senting inherently 3D structures, leading to imprecise characterization
of key architectural traits and ultimately constraining the accuracy and
power of genotype to phenotype (G2P) association analyses. The
existing G2P gap highlights that advances in genomics have far out-
paced our capacity to phenotype complex plant traits, particularly
those related to spatial architecture®.

With the rapid development of computer vision technologies and
phenomics, recent advances in 3D plant phenotyping have begun to
address this gap by enabling explicit quantification and reconstruction
of organs, plants, and population scales™. In particular, deep learning-
driven approaches, including point cloud-based networks, organ-level
semantic and instance segmentation, and attention mechanisms for
feature representation, have markedly improved the resolution and
scalability of extracting complex structural traits from high-
dimensional data®. These approaches provide direct access to spa-
tially explicit architectural traits, capturing organ topology, geometry,
orientation, and their hierarchical organization within the canopy,
thereby preserving information that is inherently lost in 2D
representations'®. However, most current 3D phenotyping pipelines
remain largely descriptive and static, focusing on geometric recon-
struction rather than functional integration, and often treat archi-
tectural components as independent measurements. Consequently,
while structural complexity can be measured with increased precision,
the emergent, coordinated nature of crop ideotypes across space and
time remains difficult to interpret and exploit for ideotype-driven
breeding.

Functional-structural plant models (FSPMs), referred to here as
plant models, represent a mechanistic modeling framework that
explicitly weaves plant 3D architecture with physiological processes,
enabling the simulation of growth, development, and environment-
plant interactions across scales”. The integration of 3D phenotyping
and functional-structural plant models is urgently needed at this
juncture due to a convergence of technological advancements and
escalating challenges in agriculture. This integrative ambition echoes
longstanding calls in organismal plant biology to bridge organ- and
whole-plant perspectives'. Over the past decade, we have reached
critical tipping points in both computational capacity and imaging
technologies. The emergence of high-throughput 3D imaging plat-
forms, coupled with machine learning algorithms, has made it possible
to capture plant architecture in unprecedented detail and scale. This
integration was not feasible a decade ago, as the necessary imaging
technologies, such as LiDAR and RGB-D sensors, lacked the resolution
and field deployment capabilities required for real-world applications.
Additionally, advancements in plant modeling now allow for the
dynamic simulation of plant growth, enabling predictive ideotype
breeding across a range of environmental conditions. These break-
throughs provide a timely opportunity to accelerate crop improve-
ment, reducing traditionally long breeding cycles and enhancing crop
resilience to climate change.

Collectively, by elucidating organ-level 3D phenotyping and their
breeding practice across shoot and root systems, we highlight that
integrating 3D traits, phenotyping, and plant models can transform

static architectural traits into predictive and iterative ideotype designs.
To construct this perspective, we conducted a comprehensive yet non-
systematic literature survey using web of science and Google Scholar
with keywords including “3D phenotyping”, “functional-structural
plant model”, “crop ideotype”, “organ-level phenotyping”, and “pre-
dictive breeding”, with study selection guided by conceptual relevance
and the authors’ interdisciplinary expertise in plant phenomics, crop
modeling, and quantitative genetics. Distinct from previous work that
largely focus on technological advancements or process-based growth
models, we argue that these existing works, despite their contribu-
tions, lack a framework-level synthesis that explicitly couples plant
architecture, function, and development. In contrast, this study focu-
ses on the framework-level approach to understanding how plant
form, function, and development emerge across hierarchical scales,
thereby accelerating ideotype breeding cycle?. To facilitate read-
ability and avoid repetitive definitions, a list of abbreviations used
throughout this manuscript is provided in Supplementary Data 1.

3D complexity in crop ideotypes

The 3D architecture of plants serves as the structural foundation for
aboveground functions such as light interception, air circulation, and
mechanical support, while also underpinning belowground resource
acquisition and anchorage. In crop ideotype research, this complexity
emerges from the spatially intricate and dynamically evolving
arrangement of organs, including leaves, stems, reproductive struc-
tures, and roots, as well as their interactions with light, airflow, soil
resources, and neighboring organisms’. At the organ scale, this
structural foundation manifests as geometric and structural diversity;
individual organs vary not only in morphological dimensions but also
in spatial configuration, specifically in traits such as torsion, curvature,
planarity, and orientation. Importantly, these organs are not randomly
arranged but organized into coordinated 3D structures governed by
phyllotactic patterns, internode elongation, radial expansion, and
vertical stratification, while root systems exhibit their own hierarchical
branching architectures shaped by gravitropism, hydrotropism, and
soil resource gradients™. Such directional and multi-domain organi-
zation shapes branching patterns, topology, and canopy stratification
aboveground, and root foraging patterns and soil exploration below-
ground, thereby jointly regulating resource capture efficiency and
system-level performance®”. Through multi-scale coupling, subtle
variations in individual leaves or branches can propagate upward to
influence overall canopy morphology and function, highlighting the
tightly integrated regulation of plant performance across scales®.
Capturing this 3D structural complexity is therefore essential for
defining ideotype architectures, yet remains challenging due to the
nonlinear, highly variable, and developmentally plastic nature of plant
form*.

Compared to the geometric and topological attributes of indivi-
dual plants, the ideotype for population level exhibits higher-order
emergent 3D characteristics. The complexity of population level arises
not only from the sum of individual plant architectures but also from
their spatial interactions, including inter-plant shading, competition
for light and space, root zone overlap, and belowground competition
for water and nutrients, as well as airflow modulation within the
canopy”. Key features of population-level 3D complexity include row
and plant spacing, planting density, and sowing pattern, which col-
lectively shape canopy porosity, vertical stratification, and light
penetration profiles, while also influencing soil resource depletion
patterns and root system spatial segregation®. Moreover, population
architecture is dynamically modulated by plant plasticity above and
below ground. As individual plants adjust leaf angles, elongate stems,
or reconfigure root growth in response to neighboring competition,
the overall canopy-root system architecture continuously reorganizes,
producing emergent properties that cannot be predicted from indi-
vidual plants alone”. Thus, 3D complexity at the population level is not
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merely the cumulative sum of individual structures but a macroscopic
system- level trait shaped by coordinated shoot/root interactions,
spatial competition, and resource redistribution.

Collectively, the 3D complexity of a crop ideotype is an emergent,
cross-scale property that can’t be reduced to individual architectural
traits. It arises from the coupling between developmental programs,
structural organization, and environment-driven plasticity, operating
across organ, plant, and population levels. This inherently dynamic
nature demands a shift from static trait descriptions to integrated
representations of structure-function relationships across scales. Such
a framework is essential for linking 3D architecture to core agronomic
functions, including resource capture, mechanical stability, and yield
formation.

3D crop phenotyping

The rapid development of sensing technologies and computational
methods has enabled high-resolution reconstruction of crop archi-
tecture in 3D space. Importantly, contemporary 3D phenotyping is no
longer defined by single sensing modalities, but by integrated pipe-
lines that combine data acquisition, reconstruction, and trait extrac-
tion across multiple scales?®%,

As summarized in Supplementary Data 2, existing sensing tech-
nologies for plant 3D phenotyping involve inherent trade-offs among
resolution, throughput, cost, and operational constraints. LiDAR-
based approaches generate high-density point clouds that enable
precise quantification of canopy geometry and structural hetero-
geneity, particularly under dense field conditions***. However, their
deployment is often constrained by high equipment costs, sensitivity
to scanning angle and occlusion, and substantial computational
requirements for point cloud processing®. In contrast, RGB-D imaging
provides a portable and cost-effective solution for depth-aware
reconstruction, supporting high-throughput field phenotyping, yet
its performance is limited by restricted sensing range, susceptibility to
ambient lighting conditions, and reduced accuracy in complex out-
door environments®. Multi-view stereo (MVS) methods reconstruct 3D
structure from overlapping RGB images, offering flexible and scalable
alternatives for organ-level and plot-level analysis®*. Nevertheless, MVS
reconstruction depends heavily on image quality and viewpoint cov-
erage, and often struggles with textureless surfaces, dense canopies,
and wind-induced motion, which can introduce reconstruction
artifacts®. UAV-based platforms further extend spatial coverage and
throughput, particularly at the canopy scale, but typically sacrifice fine
structural resolution and introduce additional challenges in data pro-
cessing and environmental sensitivity.

Belowground sensing technologies also involve a distinct set of
trade-offs. High-fidelity, lab-based methods such as X-ray computed
tomography, MRI, and neutron tomography achieve superior resolu-
tion and structural detail, as indicated by their high ratings in resolu-
tion and data complexity, but are limited by low throughput, high cost,
and restricted spatial scale**, In contrast, field-deployable approa-
ches such as minirhizotron imaging, electrical methods, and ground-
penetrating radar (GPR) offer improved scalability and moderate
throughput, albeit with reduced resolution and varying data proces-
sing demands.

Beyond sensors, imaging platforms such as MVS-Pheno leverage
these advantages to generate high-fidelity textured models from
commodity RGB cameras, although their performance can degrade
under field conditions where illumination variability and occlusion
are difficult to control*’. Moreover, data processing approaches such
as attention mechanism-driven organ segmentation, have sub-
stantially improved the extraction of structural traits from complex
3D data"*. As a result, 3D phenotyping can now capture detailed
architectural descriptors, including organ geometry, spatial orien-
tation, hierarchical organization, and population-level structural
patterns.

Shoot systems. 3D leaf phenotyping has evolved from simple planar
measurements of leaf length, width, and area toward an integrated
characterization of the full spatial deployment of foliage, in which leaf
orientation, self-twist, and curling are jointly resolved in 3D space*.
This progression can be understood as a shift from size-centric traits to
surface  morphological and orientation-based descriptors, each
enabled by distinct sensor technologies (Supplementary Data 3). Early
RGB and LiDAR systems reliably capture organ-level dimensions such
as leaf length, width, and area, which determine light interception
potential, vertical canopy coverage, and internal shading®. However,
leaves are intrinsically non-planar, with 3D traits such as leaf planeness,
self-twist, and margin amplitude jointly quantifying curvature and
edge complexity, thereby modulating light scattering, absorption
uniformity, and boundary-layer airflow'. These traits became mea-
surable with the integration of RGB-D, terrestrial laser scanning (TLS),
and multi-view stereo (MVS) across sorghum and maize'. In parallel,
orientation-related traits such as inclination angle, azimuth, included
angles between adjacent leaves, and petiole inclination, govern the
vertical and radial deployment of foliage, shaping canopy openness,
light penetration, and mutual shading*®. Moreover, LiDAR and 3D
scanning now enable high-throughput quantification of these traits
under field conditions across maize, rice, tomato, beet, peanut, and
other crops. Enabled by advances in RGB-D, LiDAR, multi-view recon-
struction, and spectral sensing, the full set of size, surface, and orien-
tation traits can be systematically phenotyped in diverse species,
including maize, sorghum, rice, wheat, and tomato*’*%, transforming
leaf architecture from a list of static measurements into a dynamic,
functionally interpretable 3D trait space.

Stem 3D phenotyping practice is also gradually moving beyond
traditional measurements of length or diameter toward a systematic
characterization of stem spatial architecture, mechanical support, and
coordination at the population level*’. Current studies focus on key 3D
traits such as internode distance, branch/tiller number and angle. Such
traits collectively determine plant height, canopy stratification, spatial
occupancy, and lodging resistance, while also playing a key role in
regulating light interception, ventilation, and competitive
interactions®. With the aid of multi-sensor acquisition and recon-
struction technologies, stem architecture can now be captured non-
destructively and at high-throughput under field conditions, enabling
continuous quantification from individual plants to entire
canopies® ', Technically, this progression is exemplified by LiDAR-
based approaches such as the Stratified, Clustered, And Growing-
based (SCAG) algorithm, which segments high-density point clouds to
isolate individual plants, hierarchically identifies stems and branches,
and derives 3D branch angles from growth vectors, thereby enabling
comparative analysis across 152 soybean cultivars®™. Such datasets
further enable the derivation of emergent, heritable traits such as
ratios of branch angle to plant height or stem length, thereby linking
stem architectural features to density tolerance and agronomic
performance®. Complementing LiDAR, RGB-D imaging has emerged
as a cost-effective and portable alternative, extending 3D phenotyping
to more accessible field applications. Synchronized RGB-D data can be
registered and skeletonized to reconstruct stem geometry with high
accuracy, as demonstrated in maize, where stem diameter estimation
achieved a MAPE of 3.01% (R2=0.96)°. In parallel, consumer-grade
RGB-D sensors mounted on mobile platforms enable dynamic, in situ
acquisition across diverse crops, including maize, tobacco, and cotton,
showing strong agreement with manual measurements”. This
practice-oriented approach to stem 3D phenotyping provides refined
structural variables for dissecting structure-function relationships and
offers a quantitative foundation for ideotype design, lodging-resistant
breeding, and architectural optimization.

Reproductive organ 3D phenotyping has likewise advanced from
simple measurements of length or count toward a structural under-
standing of how ears, panicles, and other inflorescences occupy space,
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intercept light, and contribute to sink capacity®®*°. Enabled by diverse
imaging modalities such as RGB, RGB-D, TLS, LiDAR, multi-view stereo,
and X-ray CT, these traits can now be captured non-destructively
across major cereals, including sorghum, maize, and rice**. Key 3D
traits, including ear number, ear height, ear volume, panicle depth, and
panicle length, encode essential information on reproductive struc-
ture size, spatial exposure, and potential yield formation®. Ear number
and ear volume directly reflect yield component count and sink
strength, while ear height determines agronomic adaptability and
lodging risk by influencing the vertical position of reproductive organs
within the canopy®®®’. In parallel, panicle depth and panicle length
describe the internal compactness, branching display, and grain
exposure of inflorescences, which together shape micro-light envir-
onments, pollination effectiveness, and ultimate yield potential®®.

Root systems. Root 3D phenotyping has long been constrained by the
physical inaccessibility of underground structures, limiting trait ana-
lysis to rudimentary measurements of length or biomass after
destructive washing®>®*, Recent advances have witnessed a methodo-
logical shift with integrated advances in X-ray computed tomography
(CT), terahertz imaging, electrical capacitance, structure from motion
(SfM), and fringe projection profilometry (FPP) now enabling
non-destructive, high-throughput quantification of multiple root
architectural traits (Supplementary Data 3). Early techniques, such as
grayscale imaging combined with SfM, reliably captured root length
and surface area in transparent media, but could not resolve angular
deployment or volumetric allocation®. The addition of X-ray CT and
terahertz imaging overcame this by penetrating opaque soils, deli-
vering precise measurements of root diameter, growth angle, volume,
and surface area across species including maize, rice, wheat, sugar
beet, and Arabidopsis®®’°. Recent integration of automated recon-
struction pipelines with machine-learning segmentation has made
spatially explicit 3D root phenotyping scalable, allowing systematic
mapping of depth allocation, angular distribution and root-soil
interactions™ . Consequently, root systems are no longer treated as
a black box but as a quantifiable functional module of whole-plant
architecture, directly supporting breeding for water- and nutrient-use
efficiency, stress resilience, and yield optimization.

3D crop breeding practices

Despite the successful development of ideotype cultivars with con-
vergent 3D architectures in crops such as wheat and rice, these gains
have historically relied on experience-driven, multigenerational
selection that is inherently slow and low-throughput>”. More
recently, 3D phenotyping has begun to be incorporated into breeding
programs to support ideotype-oriented selection and genetic
analysis”. The studies summarized in Supplementary Data 4 illustrate
not only the diversity of 3D phenotypes now accessible to genetic
analysis, but also the tangible progress toward identifying candidate
genes and QTLs that underpin ideotype variation.

In modern crop breeding, 3D leaf phenotyping has become a core
technology for constructing ideotype architectures, enabling in-depth
quantitative evaluation of leaf geometry and spatial configuration. For
example, McCormick et al.’. used depth images to reconstruct 3D
sorghum plants and identified QTLs on Chr3 and Chré that control leaf
inclination angle, directly demonstrating how 3D reconstruction can
uncover genetic determinants of leaf orientation. Additionally, Liu
et al.”’. Performed GWAS on 495 maize inbred lines using 3D-derived
leaf angle and leaf area index, pinpointing several novel SNPs asso-
ciated with leaf inclination, thereby enabling marker-assisted selection
for more erect canopies. Moreover, 3D phenotyping of rice leaf angle
and tiller angle has provided key support for the high-precision loca-
lization of related genetic loci and candidate genes™.

The stem serves as the primary structural axis that supports plant
architecture and facilitates the transport of water, nutrients, and

assimilates, thereby playing a central role in crop growth and devel-
opment. High-precision 3D phenotyping of stem architecture holds
substantial genetic and breeding value, as it enables a deeper under-
standing of plant height dynamics and provides critical insights for
enhancing lodging resistance. In sorghum research, voxel carving
technology, combined with GWAS and QTL analysis, has successfully
identified core genetic loci regulating plant height, such as Dwarf 3,
Dwarf 2°°. Fei et al.”” combined UAV-based 3D canopy models with
GWAS in wheat, detecting stable QTLs for plant height components
(e.g., internode length and peduncle length) that were previously
obscured by conventional 2D measurements. These research findings
not only enhance the genetic understanding of stem spatial develop-
ment mechanisms but also provide scientific digital tools for con-
structing ideal plant architectures with improved lodging resistance
and stable yields.

In the reproductive stage, the focus subsequently shifts to the
spatial posture and orientation of the ear/panicle/spike, traits that are
tightly associated with final yield*°. Using a high-throughput pheno-
typing system based on panoramic surface imaging, Wang et al.*!
quantified 20 ear-related traits, including 3D shape plus color traits, for
407 inbred lines of maize and identified 58 candidate genes, such as
Zm00001d051328 controlling ear circumference and zma-MIR159f
regulating ear shape. Importantly, this study integrated 3D ear volume
and width-length ratio into GWAS, revealing that ear volume QTLs
colocalized with known yield-related genes, demonstrating how 3D
traits can refine genetic mapping of sink strength. Additionally, Shen
et al.*%. performed QTL mapping for spike compactness and awn
length using 3D-derived traits, identifying TaSPI-Al as a key regulator
of spike morphology, an example of how 3D phenotyping directly
enables gene discovery for inflorescence architecture. A GWAS analy-
sis revealed the genetic architecture underlying wheat spike mor-
phology, providing a valuable resource for the molecular design of
spike traits to support future wheat breeding.

The evolution of 3D root phenotyping is bringing belowground
traits from invisibility into the realm of quantification and genetic
improvement, allowing these structures to be integrated into breeding
pipelines with explicit spatial and architectural resolution. For exam-
ple, by quantifying root system topology and convex hull volume in
rice using 3D in situ imaging platforms, Topp et al.** extracted root
angle, depth, and branching intensity, and found that QTLs for root
convex hull volume co-localized with regions influencing drought
tolerance, providing a direct link between 3D root architecture and
stress adaptation. Li et al.** deployed DIRT/3D, the first field-ready 3D
root phenotyping system, to quantify large-scale maize root archi-
tecture, integrating traits such as root depth and surface area to
resolve genetic variation and identify key regulatory genes, such as
ZmETR3 (GRMZM2G075368). In wheat, root length, one of the core
linear structural traits, has been successfully associated with TraesC-
S$2A01G516200 through 3D reconstruction coupled with GWAS®.
Moreover, complex spatial traits such as root angle and root volume,
which reflect directional distribution and resource-acquisition capa-
city, have enabled the discovery of 23 SNPs and 29 candidate genes in
cassava, providing molecular targets for optimizing root system
architecture®,

At the whole-plant level, Wu et al.>* used the MVS-Pheno platform
to perform multi-view 3D reconstruction on 495 maize inbred lines and
defined 44 structural traits, encompassing basic morphology,
projected-area traits, leaf-related traits, plant-structure dispersion
traits, and volume-related traits. A GWAS of 17 traits identified 40 SNP/
QTLs in total, and notably revealed that convex-hull volume is sig-
nificantly  associated  with  the  density-tolerance  gene
GRMZM2G072274, offering valuable insights for improving high-
density-tolerant maize breeding and production®*®¢, This whole-plant
3D approach also detected QTLs for plant shape descriptors (e.g.,
eigen-values of the 3D point cloud covariance matrix), which were not
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accessible through conventional trait lists, illustrating the power of
comprehensive 3D phenotyping for discovering novel genetic deter-
minants of overall plant architecture®. This shift from organ-level to
whole-plant 3D genetics improves selection precision and supports
development of varieties suited to high-density planting and stress
environments.

Collectively, despite rapid advances in 3D crop phenotyping,
most studies still concentrate on extracting and validating 3D struc-
tural traits; only a few have been translated into routine selection
decisions/deployment in breeding pipelines. Nevertheless, the exam-
ples above demonstrate that when 3D traits are integrated with GWAS,
QTL mapping, or genomic selection, they can uncover genetic regions
that remain invisible to 2D methods, thereby accelerating the dis-
covery of alleles controlling organ geometry, orientation, and cano-
py-level organization. 3D traits can now be measured and genetically
dissected, and they are increasingly applicable in GWAS, QTL mapping,
and marker-assisted selection, paving the way for spatial-architecture-
informed breeding.

Ideotype design guided by plant models

Despite 3D phenotyping has substantially expanded the portfolio of
measurable architectural traits, a fundamental gap persists between
the description of plant structure and the prediction of its functional
consequences in target environments. This gap, extensively discussed
by Martre et al.¥’, arises from several intrinsic limitations of purely
observational phenotyping. Even the most comprehensive 3D pheno-
typic datasets remain inherently correlative, documenting the state of
a plant under a specific set of environmental and management con-
ditions, but they lack the mechanistic basis to forecast how that
architecture will perform in a different GXExM context. Additionally,
3D phenotyping heavily relies on Al techniques, such as deep learning-
based organ segmentation, whose segmentation accuracy may drop
dramatically when applied to novel cultivars*. For example, in cultivars
with high tillering capacity and dense leaf distributions, the PointNet
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model maintained high classification accuracies of 89.06% and 91.16%,
but when transferred to a cultivar with an extreme leaf-to-panicle ratio,
accuracy dropped nearly 40% because of severe class imbalance®®.
Collectively, traits measured in isolation do not act independently;
without a process-based framework to integrate these interactions,
their emergent contributions to whole-plant function and agronomic
performance remain largely unrealized.

Plant models offer a principled solution by explicitly coupling
structure to function through process-based representations of plant
growth®?, By coupling 3D architecture with modules that describe
light distribution, photosynthesis, transpiration, carbon and nitro-
gen allocation, and developmental dynamics, plant models integrate
discrete structural variables into meaningful input parameters within
process-based models, effectively compensating for several limita-
tions of 3D phenotyping”®. For example, simulations in wheat have
demonstrated how coordinated variation in leaf angle distribution,
internode length, and tillering pattern reshapes canopy light inter-
ception and photosynthetic efficiency under contrasting nitrogen
regimes and planting densities, thereby identifying ideotypes opti-
mized for specific production scenarios’. More broadly, by embed-
ding physiological constraints and enabling “what-if”
experimentation, plant models transform high-dimensional pheno-
typic descriptions into predictive, testable hypotheses, providing a
mechanistic foundation for ideotype-oriented breeding. Never-
theless, plant models are not infallible. Their main limitations lie in
that accurate simulations require large numbers of measurable
physiological and structural parameters, yet their acquisition is often
time-consuming and constrained by experimental conditions®.
Consequently, in practical breeding pipelines, neither plant models
nor 3D phenotyping alone can independently bridge the gap from
genotype to field performance.

Thus, the most effective strategy is to integrate them into a
synergistic analytical framework, thereby establishing a com-
plementary toolchain for ideotype-oriented breeding (Fig. 1). High-
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throughput 3D phenotyping, which encompasses smartphone photo-
graphy, LiDAR, CT scanning with root reconstruction, organ segmen-
tation, and field or greenhouse validation, first generates standardized
architectural trait databases that capture a rich spectrum of traits such
as inclination angle, planeness, self-twist, branching angle, root
volume, etc. These databases provide population-level variation maps
and empirical foundations for model parameterization and uncer-
tainty estimation. Plant models then translate these architectural
parameters into dynamic functional outputs by simulating light dis-
tribution, leaf area index, and canopy porosity, photosynthesis and
respiration, carbon allocation and transport, while also simulating
organ growth and topology update, and the iterative struc-
ture-to-function feedback loops during crop growth and development.
Finally, key structure-function bridging indicators predicted by the
models are fed back into phenotyping platforms to guide subsequent
temporal measurements and field validation, forming an iterative loop
of parameterization, prediction, and validation. Within this com-
plementary framework, the process-based simulation capacity of plant
models, combined with the scalability of high-throughput structural
measurements, transforms ideotype design from a descriptive con-
cept into testable and verifiable breeding targets, tailored to meet
diverse demands such as high yield, high-density planting and
mechanization, stress adaptation, and quality- or economic-trait-or-
iented objectives across major crops, including rice, maize, wheat,
sorghum, soybean, tomato, peanut, and cotton.

Recent work has demonstrated the practical integration of
high-throughput 3D phenotyping with plant models in many crops
(Supplementary Data 5). Zhang et al.” built a morphology-based 3D
rice model that assimilates architectural traits from indoor and field
phenotyping, achieving R?>=0.86 for leaf area index simulation
while visualizing growth-stage dynamics and directly linking struc-
tural databases to functional outputs. Moving from reconstruction
to automated pipeline generation, Hadadi et al.”> developed a
LiDAR-based procedural pipeline that automatically generates
organ-level maize architectures as explicit inputs to FSPMs; coupled
with evolutionary optimization, it identified canopy designs that
boost light interception and biomass under high-density planting.
Advancing to full functional-structural integration, Blanc et al.”®
created WALTer, a plant model coupling 3D wheat architecture with
light and carbon-nitrogen metabolism. Simulating binary mixtures
of wheat cultivars differing in leaf dimensions, insertion angle, til-
lering, and height, they found that mixing contrasting leaf dimen-
sions and tillering capability significantly enhanced stand
productivity, whereas varying insertion angle alone had marginal
effects, demonstrating that embedding detailed 3D architectural
data into plant models enable quantitative prediction of mixture
performance and provides simulation-based assembly rules for
designing productive wheat cultivar mixtures without exhaustive
field trials. These examples demonstrate that the iterative feedback
between 3D structural trait databases and plant models transforms
ideotype design from a descriptive concept into a testable,
data-driven breeding strategy.

Current challenges and future prospects

Despite their conceptual appeal, integrative 3D trait-modeling frame-
works remain challenges to deploy in operational breeding. For Al-
driven 3D phenotyping, deep learning is limited by costly, expertise-
intensive annotation, weak cross-domain generalization, and sub-
stantial computational demands for high-resolution data*. For plant
models, mechanistic fidelity incurs practical costs that parameter-rich
models are difficult to estimate and often rely on controlled conditions
and root systems are frequently simplified or omitted, limiting rele-
vance in resource-limited environments”. Additionally, at the breeding
scale, throughput, resolution, and economics remain misaligned, with
field-based 3D acquisition slow relative to trial size, occlusion in dense

canopies biasing reconstruction and trait estimation, and cost-benefit
gains over conventional selection rarely quantified®™.

Achieving this integration requires a key transition from exhaus-
tive observation to predictive reconstruction of plant architecture
through hybrid sensing-modeling frameworks'®*>. Generative Al may
bridge data gaps by synthesizing biologically plausible 3D plant
architectures and inferring missing structural and developmental
information, enabling a shift from measurement-driven to model-
assisted phenotyping'®’°. For example, diffusion-guided 3D generation
frameworks have successfully reconstructed complete 3D plant geo-
metries from limited partial observations, recovering hidden internal
structures that are not directly visible”’. Moreover, translating such
sparse but informative trait panels into actionable predictions of
whole-plant performance will require plant models that can operate
reliably on incomplete or inferred structural data. Currently, most
plant models rely on detailed, organ-level parameterization and high-
resolution environmental inputs, making them ill-suited for the high-
throughput, population-scale prediction demanded by breeding".
Consequently, development of lightweight, data-assimilating and
iterative plant models will be essential to bridge the gap between 3D
phenotyping and operational breeding decisions. Additionally, high-
resolution architectural traits that resolve novel QTLs in research set-
tings can't be deployed as routine selection indices across entire
breeding populations, confining 3D ideotype breeding largely to
proof-of-concept studies’. Overcoming this limitation will require not
only faster acquisition and reconstruction algorithms, but also a stra-
tegic rethinking of 3D architectural sampling, such as shifting from
exhaustive organ-level reconstruction per individual to sparse yet
informative trait panels.

Concluding remarks

The pursuit of superior crop ideotypes rests on understanding how
architectural traits integrate across scales to determine whole-plant
performance as a dynamic, three-dimensional system. This Perspective
proposes that the integration of 3D phenotyping with plant models
enables a system-level analysis of crop ideotypes. In this synergistic
framework, precise 3D phenotypic data parameterize mechanistic
models that simulate how plant architecture dynamically interacts
with light, water, and nutrient resources. Such models, in turn, support
the prediction, evaluation, and optimization for ideotypes of crops
tailored to specific environments, generating targeted breeding stra-
tegies that are subsequently validated and iteratively refined through
further phenotyping. This convergence is reshaping crop breeding,
shifting the paradigm from empirical, trial-and-error selection to pre-
dictive ideotype design. It enables the in silico exploration of a wide
range of genetic and environmental scenarios, accelerating the
development of varieties for enhancing yield, resource use efficiency,
and stress resilience.
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