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Highlights 
Digital twins are virtual plant models that 
have the potential to integrate genomic, 
phenomic, and environmental data to
simulate plant function, growth, and
responses to environmental changes
over time.

Unlike traditional models, digital twins 
continuously update through real-time 
data assimilation, enabling adaptive 
learning and discove ry of emergent
biological properties as new data
Plant digital twins (DTs) are dynamic, data-aware virtual representations that 
integrate plant structure, physiology, and environmental inputs to simulate 
plant function, growth, and performance. By combining process-based models, 
phenomics data, and environmental states in a continuous feedback loop linking 
physical and virtual plants, DTs offer a novel approach for investigating complex 
biological systems. In this opinion article, we outline the conceptual foundations 
of DTs and how they offer n ew opportunities to bridge the genotype-to-
phenotype gap and aid in crop improvement. Despite their promise, major chal-
lenges remain in DT development, scalability, and accessibility. Addressing
these challenges will be critical for enabling the broad adoption of DTs as trans-
formative tools for accelerating plant science research and crop improvement.
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becomes available.

Integrating phenomics, AI-enabled data 
pipelines, and functional–structural plant 
models provides a scalab le framework
to bridge the genotype-to-phenotype
gap.

Leveraging plant digital twins within crop 
growth models could reveal how plant-
level traits scale to canopy function and 
impact performance and yield by
increasing model fidelity and capturing
heterogeneity.

Ultimately, digital twin technology could 
become a valuable research tool that 
enhances crop improvement by linking
gene function to performance.
Need for digital twins
Digital twins (DTs) are an emerging technology designed to simulate and interrogate complex, 
dynamic systems such as those commonly encountered in biology. Although definitions vary 
across disciplines, DTs are broadly conceptualized as digital counterparts of physical entities, 
capable of mimicking their structure, function, and environmental respons es, with their states
continuously updated by data collected from the corresponding physical twin [1,2].  Originally
developed and applied in engineering fields (Box 1), DTs show promise in life science 
fields with their ability to integrate various p hysical aspects of a real-world entity into a virtual
representation.

DTs are not extensions of traditional or statistical modeling approaches but are more comprehen-
sive and dynamic systems for integrating and interrogating models. They are a framework that 
integrates various functional components: data processing pipelines, including transmission, 
assimilation, and storage; mechanistic and process-based models; the ability to perform compu-
tational simulations utilizing these; and interfaces for monitoring the status of the DT. DTs are also
composed of the software and cyberinfrastructure linking these functional components together
[17]. By linking these functional components across temporal and/or spatial scales, DTs create an 
integrated system that enables the exploration of both predicted and unanticipated emergent 
behaviors that would otherwise not be captured by the individual components of the DTs
[18–20]. Additionally, in contrast to current modeling approaches, DTs maintain a continuous 
data-feedback loop with their physical twin; as new data become available, such as phenotypic 
or environmental conditions, they are updated and recalibrated to refine their present state. By 
establishing a link between a physical and digital counterpart, we can directly compare and inter-
rogate the system, which ca n reveal intricacies, unknown constraints, feedback loops, or new
mechanistic properties that increase our understanding of underlying processes [21]. Because 
of these properties, DT technology is being widely explored across domains [22]. 

In biology, medicine is experiencing the most rapid adoption of DT technology. Notably, researchers 
have constructed DTs of human organs (http://projectbreatheasy.org/, https://onscale.com/blog/ 
project-breatheasy-digital-twins-of-lungs-to-improve-covid-19-patients-outcomes/) [23–25]
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Box 1. DTs history and usage

The concept of DTs dates back to the 1970s when NASA used physical replicas of spacecraft to test and prepare
for missions [3,4]. Over time, the DT concept became more formalized as other industries started adopting it [5].  A  
main goal of DTs was to ‘de-silo’ the data and models of various functional areas describing a physical object so as 
to create autonomous objects that embody the information of their real-world counterparts—a so-called ‘digital twin’. 
In manufacturing, products and entire production lines are modeled for performance optimization and predictive
maintenance [6–9]. In healthcare, DTs replicate patient-specific organs or systems to support persona lized treatment
[10–13]. Urban planners are employing DTs of cities to test infrastructure changes and simulate the response to environ-
mental stressors [14,15]. What distinguishes a DT from a traditional simulation is its foundation in (often) real-time or empir-
ical data that enables the model to ‘evolve’ alongside its physical counterpart.

An example of DTs borrowed from engineering is the simulation of stress on a physical object, such as an aircraft wing. 
The DT of an existing wing can be coupled with a finite element simulation—a process that models how physical 
forces such as heat or vibration will impact an object. The key advantage of DTs is that they enable the exploration of 
‘what-if’ scenarios without requiring the physical creation of the circumstances. DTs can therefore decrease the cost of 
experiments by enabling rapid simulation of processes that could be costly (damaging the wing through collision), 
uncovering insights that may be difficult or im possible to obtain through empirical trials such as extreme or rare
environmental conditions (flying through a hurricane or other extreme winds), and provide results much faster than the
real-world counterparts (e.g., simulating the 20-year usage of an airplane wing).

Plant DTs extend this concept to biological systems, representing plants or plant processes based on real data and aiming 
to capture the dynamic nature of biology. A plant DT is not just a visual 3D model of a plant; it is a data-driven system that
integrates morphological, physiological, genetic, and environmental data [16]. The goal is to simulate how a real plant or 
collection of plants grow, function, and respond to their environment across time, including how different genotypes
respond to the same set of growth parameters.

Glossary 
Finite element simulation: a 
numerical method used to simulate and 
analyze how physical systems respond 
under various conditions, such as 
stress, heat, fluid flow, or 
electromagnetic fields, by reducing the 
structure into small, simple shapes (e.g., 
voxels, tet rahedra, and triangles) on
which numerical processes can be
performed.
Functional–structural plant model 
(FSPM): a computational model that 
simultaneously represents 3D plant 
architecture and physiological/ 
developmental processes. These 
models capture interactions between 
plant form (morphology) and function 
(physiology), where changes in the 
architecture alter the resource capture 
and physiological p erformance of a
plant, which in turn drives changes to the
plant structure over time [58].  Unlike  
purely equation-based modeling 
paradigms, FSPMs often explicitly 
represent plant architecture in space 
using visually representable systems,
such as L-systems or meshes.
Genomic prediction (GP): a  modern  
breeding technique that uses genome-
wide molecular marker data to estimate 
phenotypic or breeding values before 
extensive phenot yping or field evaluation
has occurred.
Phenomics: the large-scale study of an 
organism’s phenotypes, describing the 
observable physical and biochemical 
traits of an organism and how they 
change in response to di fferences in
genetics, as well as the environment.
Process-based physiological 
model: a type of model that describes 
the biological processes within a plant, 
such as photosynthesis, respiration, 
water uptake, and nutrient transport, 
based on the underlying physiological 
mechanisms as represented by first-
principle equati ons, such as Fick’s law of
diffusion or Darcy’s law of permeability.
Ray-tracing simulator: a 
computational method that uses 
physics-based simulation to model 
scene illumination based on material 
properties and light. It accounts for 
multiple bounces of light through the 
space and its interactions with surfaces 
via transmittance and reflectivity. It is 
co mmonly used for calculating the
amount of light reaching the surface of
an object.
Transpiration efficiency (TE): the 
ratio of carbon gain to water loss during
and are actively using them for predictive medicine and other applications [10,26–28]. In a partic-
ularly interesting development, researchers recently generated a set of 3800 cardiac DTs that 
revealed mechanistic functional patterns related to ischemic heart disease, which were emergent 
phenotypes of the simulated system, not detectable via imaging or electrocardiograms alone
[25]. This example illustrates how DTs can provide new insights and understanding of complex 
systems not currently accessible through traditional approaches, and indeed highlights why 
researchers are pursuing DT technology to study other body systems and disorders [29].

Extending these efforts, scientists are incorporating genetic information into DT frame works to
link genotype to phenotype [25,30,31], a strategy that can be applied in plant systems to under-
stand how genetics drive plant and crop performance under different growing environments. By 
bridging this so-called ‘genotype-to-phenotype (G2P) gap’, researchers and plant breeders can
gain insight into how genes and gene functions scale to whole-plant performance across diverse
environments [32]. With respect to crop improvement and agricultural productivity, closing this 
gap is fundamental to accelerating genetic gain for yield potential, enhancing climate resilience, 
and developing cultivars adapted to rapidly evolving production constraints [33]. Closing this 
gap in a timely manner is becoming critical for food security.

Modern agricultural systems have been highly successful—never have so f ew fed so many
[34,35]. However, this success in food and crop production has come through the combina-
tion of high inputs of water, fertilizer, crop protection c hemistries, and advanced agronomic
practices, which are beginning to show diminishing returns [36,37]. Simultaneously, 
agricultural production environments are becoming increasingly volatile, with more frequent 
heat, drought, and extreme weather events destabilizing crop productivity, while fertilizer avail-
ability and costs are becoming unpredictable due to recurring supply constraints [38–41]. 
These pressures are also coalescing at a time when there is uncertainty about whether the 
current rates of crop improvement are capable of meeting projected global food demands. 
Indeed, the data suggest that our annual rate of genetic gain in many major crops remains at
2 Trends in Plant Science, Month 2026, Vol. xx, No. xx
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approximately 0.5 to 1.5%, below the estimated 2 to 2.4% annual increase needed to meet the
projected 2050 global demand [42–44]. At the same time, conventional breeding pipelines are 
resource- and time-intensive, often requiring years of multi-environment testing to evalu ate
performance, and may not deliver solutions at the pace demanded by global challenges [45, 
46]. Given these challenges, there is an increasing need for crop cultivars that are resource-effi-
cient, environmentally resilient, and can be commercialized at a more rapid pace. DTs offer a 
potential framework to accelerate crop improvement by enabling virtual systems that can simu-
late the complexities of gene-by-environment interaction while minimizing time and resource 
expenditures. This type of DT environment would enable virtual experimentation on how 
specific physiological, architectural, and developmental traits interact under different growing
environments. As a result, DTs could support the breeding of crops with improved drought
resilience, canopy light-use efficiency, and adaptation to future climatic conditions.

To develop effective DT technology, information-rich phenotypic data sets are needed. In the past 
decade, the plant science community has developed variousphenomics (see Glossary) technol-
ogies to provide phenotypic data on the same scale and volume as that of genomic data [33,47, 
48]. With these advancements, the ability to capture plant form and function on a scale not previ-
ously accessible is providing a wealth of data for researchers, both at spatiotemporally resolved 
levels as well as at the population level. We therefore posit that DTs offer a powerful means to inte-
grate these phenomics advances with existing capacities in genomics, AI, modeling, and
computer science, providing a pathway to more effectively bridge the G2P gap and accelerate
plant biology research and crop improvement.

Critically, DTs offer a mechanistic pathway for closing the G2P gap by embedding genotype-
specific parameters within dynamic process-based models. Genetic variation controls physiolog-
ical responses, phenological development, and architectural traits that, in turn, govern light inter-
ception, carbon assimilation, and resource partitioning. These interactions unfold across space 
and time, generating emergent properties that are often obscured by reductionist analyses. By 
simulating and estimating how genotype-depen dent parameters scale from organ function to
canopy performance, and iteratively updating the DT with phenotypic data, DTs enable G2P
mapping.

Bringing DTs to life
Although the above-described cardiac DT example is illustrative of the potential applications of 
DTs, plant- and crop-level DTs are still in the early stages of development, with practical demon-
strations only beginning to emerge and often exhibiting more basic utility (e.g., [49–51]). We argue 
that the current limitations are not a flaw in the concept but rather stem from the innate biological 
complexity of plants, the lack of algorithms for extracting information from data, and the diversity 
of expertise required to integrate physiology, genomics, phenomics, modeling, and computer 
science. However, despite these challe nges, we believe a foundational first step is to integrate
plant phenomics data and physiology into the larger DT system (Figure 1, Key figure). This can 
be achieved by incorporating physiological equations into models that simulate explicit 3D
plant growth, commonly referred to as functional–structural plant models (FSPMs) (Box 2) 
[57–59]. We believe FSPMs offer a way to integrate phenomics, physiological, and environmental 
data to represent the physical twin’s plant growth and function; however, FSPMs should not be
conflated with DTs themselves, as DTs provide functionality beyond modeling.

To initialize the DT, various types of sensor-derived phenotypic data would be collected on 
the plant: 3D point-cloud data capturing architecture [60]; estimates of stomatal conductance 
via thermal imagery [61]; estimates of photosynthetic parameters based on solar-induced
Trends in Plant Science, Month 2026, Vol. xx, No. xx 3
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Key figure 

Creation and workflow of a plant-level digital twin

TrendsTrends inin PlantPlant ScienceScience 

Figure 1. Simulations using digital twins are governed by functional–structural plant models (FSPMs), which codify how the 3D structure and function of a plant interact 
under given environmental conditions. There are three general steps involved in the creation and utilization of a digital twin to answer research questions. (A) First, raw data 
in the form of various sensor-derived phenotypic data and environmental conditions are measured and stored. (B) Next, this data is processed by an AI-enabled 
cyberinfrastructure, where task-specific agents handle data formatting, cleaning, filtering, and quality control. Upon completion, relevant phenotypic features are 
extracted by a phenomics data processing pipeline. (C) Finally, the 3D structure of the digital twin is parameterized by the extracted architectural measurements, which 
serve as the starting conditions for the FSPM simulation. The FSPM, in this case a radiation-driven biomass model, additionally takes as input the environmental 
conditions. Simulation consists of a feed-forward process in which the FSPM simulates growth and updates the plant’s structure, which then defines how the plant
interacts with the environment, providing new inputs to the model. These simulations can be further guided by providing additional phenotypic or environmental data
collected at subsequent times.
fluorescence extracted from hyperspectral imagery [62,63]; and data on traits such as leaf count
[64], phyllotaxy [65], and indices such as the normalized difference vegetation index (NDVI) [66] 
derived from red, green, and blue (RGB) or multispectral images. In parallel, weather data, soil 
moisture conditions, incoming sunlight, and other environmental data would also be collected. 
This raw data could be processed by AI-enabled cyberinfrastructure, where task-specific agents 
would handle formatting, filtering, perform quality control checks, temporal alignment of the data, 
point -cloud segmentation, and finally trait extraction. This process would convert heterogeneous
measurements into meaningful parameters such as leaf area and angle distribution, branch
length, volume, reflectivity, water status, and photosynthetic state.

Next, the DT would initialize an FSPM by instantiating a simplified but representative 3D model 
using the extracted architectural parameters after data processing and using extracted trait
4 Trends in Plant Science, Month 2026, Vol. xx, No. xx
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Box 2. Modeling plant s and crops

FSPMs link explicit 3D growth with physiology. This class of models consists of two primary components: (i) the architecture 
part, which describes the types and spatial organization of plant organs, such as leaves, stems, and roots, and (ii) the process 
part, which simulates physiological activities such as photosynthesis, hydraulic processes, and source–sink relationships
[52]. By employing mathematical representations of plant processes, as commonly done in process-b ased physiological
models [53], valuable insight can be gained into the dynamics of plant growth patterns, resource allocation, and plant– 
environment interactions. A distinguishing feature of FSPMs is their ability to model feedback loops between structural 
development and physiological function—for example, an increase in leaf area enhancing photosynthesis. Higher 
fidelity representations may capture this interaction better, albeit at the expense of complexity and computational 
demand. Given this functionality, FSPMs are well suited for plant DTs, offering detailed, mechanistic, and spatially 
explicit representation s of plant behavior. They also capture temporal dynamics, allowing growth and development
to be updated as environmental conditions shift hourly, daily, and seasonally, and as sensor data are assimilated
[54]. Operating at the organ level, FSPMs can simulate fine-scale biological processes that occur within the plant 
canopy micro climate but impact crop performance.

CGMs are also a class of process-based models. However, they simulate crop development, resource capture, and yield 
formation at larger spatial scales and represent physiology at a less granular level [55]. CGMs represent key plant 
processes such as phenological development, light interception, biomass accumulation, and water and nutrient dynamics 
using mechanistic equations or empirically derived parameter values. A key distinction from FSPMs is that rather than 
modeling individual organs or plants, they typically treat the crop canopy as a unified system. By simulating plant 
processes at the canopy scale, CGMs can li nk environmental drivers (sunlight and temperature), soil conditions (water
and nitrogen availability), and cropmanagement practices (planting date, irrigation, and population density) with traits such
as yield or radiation use efficiency [56]. By modeling the crop at the systems-level and utilizing the simulation capabilities of 
DTs, CGMs can simulate differing agronomic scenarios and responses to climatic variability that extend beyond the scale 
of individual plants. CGMs can provide a broader field-scale and environmental context within which FSPMs can be 
embed ded, supplying boundary conditions, resource constraints, and whole-field feedback, enabling DTs to bridge
organ-level processes with crop performance.
and state variables (derived either from sensor data or from a previous simulation run) to param-
eterize the model and set the starting and boundary conditions for simulation. Then, the DT would 
run the FSPM to simulate organ growth and development, resource capture, photosynthesis, 
and carbon assimilation through mechanistic source–sink relationships. To replicate light dynam-
ics, the DT would incorporate a bi-directional ray-tracing simulator to track solar m ovement
and compute the diurnal irradiance, shading, and light interactions with the variable leaf surfaces.
The computed values would be fed back into the FSPM module to recalculate carbon assimila-
tion and update the equations governing source–sink relationships, as well as growth modules,
to simulate plant development.

At the next instance of data collection, the same trait parameters used for FSPM initialization 
would be updated, and a fit function would be evaluated. One simple example of a fit  function  
is a weighted multi-trait sum of squares error, which provides a measure of how well the DT 
predicts multiple traits (such as leaf width, color, and yield) simultaneously. This would provide 
information on how well the DT replicates the physical twin, but more importantly, it could provide 
a key point for the integration of AI for DT improvement. One of the features that distinguishes DTs
from traditional mechanistic models is their capacity for ‘learning’ and continuous updating
through data assimilation. Through the use of AI, the DT could evolve alongside the physical
twin and progressively refine its representation thereof [67]. This could occur through the use 
of agents or reinforcement learning that iteratively refine model parameter values so that 
processes not captured accurately by the FSPM can be identified and modified to more closely 
represent biological reality, as measured by the fit function. This feed-forward process could
continue through the plant’s lifecycle as data becomes available.

While there are certainly technical challenges to integrating the various components of the 
proposed system, the technical pieces, such as the phenomics data, AI-assisted data
Trends in Plant Science, Month 2026, Vol. xx, No. xx 5
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processing pipelines, and FSPMs, are tools that are currently available [68,69]. Indeed, 
Smoleňová et al. [51] have successfully demonstrated a tomato DT that employs a similar archi-
tecture, demonstrating the utility and practicality of this approach to constructing functional DTs. 
The devel opment and implementation of plant-level DTs are key first steps in leveraging this tech-
nology for crop improvement.

Bringing DT plants to the field
While single-plant DTs will be powerful tools for crop improvement, plants are not grown in 
isolation but instead form complex communities of individuals that must interact, share resources, 
and grow in coordinated fashion. As such, scaling from individual plant DTs to simulated
crop communities is the logical next step (Figure 2). This advancement would help us better
TrendsTrends inin PlantPlant ScienceScience 

Figure 2. Application of plant digital twins across biological scales. Plant digital twins are virtual simulations of real plants that represent their structure, function, and
dynamic response to environmental inputs in a feed-forward fashion [58,59,70]. From top to bottom, the steps for digital twin creation are (i) collecting morphological and 
physiological data from the real-world plant system, (ii) choosing which functional aspects are of interest and selecting an appropriate process-based physiological model, 
and (iii) utilizing the phenotypic data to instantiate and parameterize the physiological model, thus creating a virtual representation of the real-world plant. The three columns 
detail this process specifically for (A) leaf-level, (B) plant-level, and (C) plot-level plant systems, detailing the different functional aspects under consideration at each 
biological scale. Depending on the biological scale, different morphological traits and physiological states must be measured, and different functional aspects can be
simulated using the mechanistic models, changing what inferences can be drawn from each level of digital twin.
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understand how individual plant processes and traits scale to the crop level and give rise to 
emergent properties found in plant communities within a field [71]. By bridging from the plant 
to the community level, DTs could help reveal how the genetic basis of component traits 
(e.g., leaf elongation and expansion) impacts and contributes to higher-order traits such as 
canopy architecture and function (light interception, hydraulic, and photosynthesis gradients 
throughout the canopy). DTs that can represent plant-canopy dynamics would be valuable for
developing plants that are more ‘cooperative’ and therefore more resource-efficient (Box 3). 
Additionally, DTs could help resolve disconnects between scales of biology. For example, while 
the mechanics of transpiration efficiency (TE) have been deeply characterized at the leaf 
level, efforts to translate that foundational knowledge to the plant and canop y levels have had
limited success. In fact, plant traits that improve TE at the leaf level often result in yield penalties
at the canopy scale [76]. The application of DTs to model and investigate the complex scaling 
of CO2 and water vapor exchange in leaf-canopy systems could yield new insights into the
physical processes that govern canopy TE dynamics.

To scale up from individual plants to communities, plant-level processes captured by FSPMs 
need to be linked to canopy-level traits , such as those typically captured by crop growth models
(CGMs) (Box 2) [59,70]. Because CGMs represent crops as spatially averaged systems rather 
than explicit individual plants, they are better able to rep resent community-level processes that
reflect agronomic outcomes [77]. However, a limitation is their inability to capture within-canopy 
heterogeneity, organ-level processes, and structural plasticity inherent to crop canopies. As a 
result, genotype-specific traits are approximated using empirical parameters rather than emerg-
ing mechanistically from plant structure and interactions with the within-canopy microclimate, as 
is the case with FSPMs. We argue that combin ing FSPMs and CGMs through the framework of
DTs would provide a powerful tool for studying the complexity of crop canopies and their
associated biology, which arises from the individual plants themselves.
Box 3. Optimizing crop can opy architecture
Optimizing crop canopy architecture and the physiological processes underlying photosynthesis (PS) remains a central 
strategy for improving crop productivity and resource use efficiency [72,73]. Sunlight interactions with the plant canopy 
are heterogeneous with respect to time, space, and light quality/quantity due to the interactions of leaf size , orientation,
number, and spatial arrangement within the canopy [74]. Consequently, crop canopies frequently exhibit light use 
inefficiencies, with upper leaves operating beyond PS saturation while simultaneously restricting light penetration to lower, 
photosynthetically competent tissues. Because of this, the concept of ‘smart canopies’ has emerged [72]. These are 
canopies that optimize both canopy architecture and PS processes to reduce intra-canopy competition an d improve
PS efficiency throughout the canopy [75]. 

Because DTs provide a framework which couples plant architecture, physiology, dynamic light environments, and data 
assimilation into a unified whole, they are natural candidates for scaling from individual plants to larger plant systems, such 
as crop canopies. A canopy-level DT could comprise multiple whole-plant DTs, each representing a single plant within the 
canopy. Using data collected from a physical canopy, extracted architectural and physiological parameters could be used 
to initialize individual whole-plant DTs which are consistent with the canopy-level observations. With the whole-plant DTs 
initialized, the canopy-level DT could simulate the dynamic light environment throughout the canopy using ray tracing. The 
resulting irradiance would then be propagated to each whole-plant DT to update the individual FSPM models, enabling 
simulation of emergent within-canopy dynamics. Crucially, this would enable the quantification of how canopy architecture
traits modulate intra-canopy light gradients and drive heterogeneous physiological responses. One such physiological
response is how PS saturation in the upper leaves of the canopy, which experience lower relative humidity (RH), impacts
the lower canopy leaves, which experience lower light conditions but higher RH. Simulations could also enhance under-
standing of how light transmission properties (reflectance, absorbance, and transmission) impact PS along this gradient.

Further, because the DT continually integrates sensor data and serves as a virtual twin of a physical canopy, it could be 
used to understand the robustness of canopy performance by investigating a range of canopy scenarios that can be 
replicated in the field. By iteratively perturbing architectural and physiological parameters of the DT in silico,  we  
could perform many simulations in parallel to understand how sensitive canopy performance is to small changes in leaf
orientation, architectural, or planting configurations, and how these changes influence PS efficiency.

Trends in Plant Science, Month 2026, Vol. xx, No. xx 7
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The creation of canopy-level DTs will leverage the use of whole-plant DTs (Figure 3). Specifically, 
the framework we envision involves using a parameterized whole-plant DT and then creating 
multiple instances of it to establish a canopy structure. By using measured data on the physical 
twin to capture the variation of respective traits (e.g., leaf angle, length, and number), each 
plant instance could represent a randomized parameterization of the plant DT to reflect the natu-
ral variation of plant architecture, thereby cre ating an in silico crop canopy. We therefore argue
that a nested FSPM–CGM linked through an AI interface would mechanistically connect plant-
and canopy-level physiology [69,70,78,79]. This would be accomplished by first initializing and 
running the FSPM to estimate plant-level physiological trait parameters (e.g., CO2 assimilation 
rate and intercepted light), and then passing these parameters to the CGM to initialize traits 
such as radiation use efficiency, leaf area, and climate drivers. The CGM would then be run 
and provide updated growing conditions back to the FSPM, which would, in turn, be run to simu-
late growth. Data exchange between models could be coordinated through a shared computa-
tional environment that supports interoperability among models, data streams, and analytical
tools. Emerging AI frameworks and interoperability protocols (e.g., large multimodal environ-
ments and model context protocols) provide mechanisms for data formatting, communication,
TrendsTrends inin PlantPlant ScienceScience

Figure 3. Canopy-level digital twins (DTs) utilizing a nested FSPM–CGM. Canopy level DTs can be constructed
using collections of multiple plant-level DTs, each represented by a functional–structural plant model (FSPM), which
together form an in silico crop canopy [70]. To instantiate the canopy, the individual plant instances are parameterized
using phenotypic measurements (e.g., leaf angle, length, and number) to represent natural variation in plant architecture
The FSPMs simulate organ-level processes such as leaf photosynthesis, water–carbon dynamics, phenological development
and light interception. Outputs from the plant-level DTs are aggregated and passed to a crop growth model (CGM), which
simulates canopy-scale processes including radiation use efficiency, canopy photosynthesis, transpiration, and nutrien
dynamics. The CGM is run and outputs updated environmental and resource conditions that are fed back to the plant-leve
FSPMs to guide subsequent growth simulations. Data exchange between models occurs through an AI-enabled interface
within a large multimodal computing environment, enabling continuous updates from new phenotypic observations from
the physical system. This nested FSPM–CGM framework provides a mechanistic pathway for linking plant-level traits and
physiology with emergent canopy-level processes.

8 Trends in Plant Science, Month 2026, Vol. xx, No. xx
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and integration between FSPMs, CGMs, and phenotyping pipelines [80,81]. Through this FSPM– 
CGM coupled framework, capturing how plant-level traits impact and drive canopy-level
processes could be achieved.

DTs as a framework for closing the G2P gap
Plant DTs can help drive improved crop performance by bridging the G2P gap through 
connecting genetic variation to dynamic plant functions. This is important because genetic effects 
on complex agronomic traits are rarely direct. Instead, genetic variation is expressed through 
developmental, architectural, and physiological processes that interact with environmental and 
management condit ions to produce emergent traits such as water use efficiency, stress resil-
ience, and yield [82,83]. Plant DTs can be used to help connect G2P by extending traditional 
quantitative genetic approaches, exploring model-derived parameters as functional phenotypes, 
and using genomic prediction (GP) as a means to simulate crop growth and performance in
user-defined scenarios.

Plant DTs can transform discrete measurements into a continuous representation of plant devel-
opment and response to environmental conditions, which has important implications for genetic 
analyses. A persistent constraint of phenotyping, including high-throughput phenotyping, is that 
measurements are collected at discrete timepoints. A plant may be imaged daily, weekly, or at
key developmental stages, but those data still represent snapshots of dynamic biological
processes playing out over time [32,84]. Traits such as flowering time, leaf appearance, organ 
expansion rate, and stomatal regulation inherently have a tempor al component that changes as
a function of development and environmental conditions [82], so traditional phenotyping 
approaches are limited in their ability to fully capture these traits. The DT framework overcomes 
this limitation by using phenotypic and environmental data collected on the physical twin to initial-
ize and update a DT, enabling it to be studied or trait values extracted at any point in time. DTs 
can, therefore, provide estimates of unobserved states between measurements and capture 
transient responses to environmental or stress events. By providing a continuous representation 
of dynamic traits, DTs could add depth to approaches such as genome-wide association studies 
and transcriptomic analyses by better linkin g genetic variation to when, where, and how traits
emerge during the season or in response to environmental stimuli such as abiotic stress. Rather
than associating loci with single trait values captured by current phenotyping approaches, DTs
could enable genetic analyses of trait formation, expression, and plasticity across time.

While these temporally based approaches are useful for studying traditional traits such as leaf 
area, canopy temperature, and biomass, they often describe outcomes rather than the underly-
ing biological processes. We argue that DT-derived model parameters could serve as dynamic, 
mechanistic phenotypes that cap ture genetic variation in plant processes and their responses
to environmental or management conditions [85]. This is because model parameters represent 
biological processes governing growth, development, and response to the environment [86, 
87]. These model parameters are useful as phenotypes because they can mechanistically 
describe how plants funct ion and provide a clear link between gene action and plant performance
[88]. Model parameters would also enable the genetic dissection of more complex traits because 
they are biologically interpretable and more genetically stable [89]. An example of the utility of 
using model parameters as phenotypes relates to the genetic mapping of canopy temperature. 
Current approaches that use canopy temperature directly as a phenotype may reveal loci asso-
ciated with the trait, but they provide limited insight into how those loci act mechanistically. By 
contrast, model-derived parameters from DTs that have integrated canopy temperature data, 
such as stomatal sensitivity to vapor pressure deficit, could make these associations easier to
interpret by linking genetic variation to the physiological processes that regulate canopy
Trends in Plant Science, Month 2026, Vol. xx, No. xx 9
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temperature. This would provide a clearer understanding of the functional basis of the trait and 
the mode of action through which genetic variation influences plant water balance. Through 
these types of analyses, model parameter phenotypes could provide a missing link between
genetic information, functional processes, and phenotypic output, bridging the G2P gap.

A final way that DTs could help address the G2P gap is through integration with GP [90].  In  a  DT  
framework, GP could be used to predict the physiological, developmental, and architectural 
model parameters needed to initialize a genotype-specific DT, rather than directly predicting
endpoint traits such as yield [91,92]. The most useful targets for this approach are likely to be 
component traits with stable genetic control and strong influence on downstream plant perfor-
mance. Examples would include traits such as flowering time, phenological development, photo-
synthetic capacity, and resource acquisition traits. This approach would require a training 
population of DTs, developed on corresponding physical twins, to allow GP models to estimate 
the relationships between marker data and DT-derived parameters. Once trained, these models 
could be applied to newly genotyped breeding lines to predict their DT parameters and initialize 
synthetic genotype-specific functional models. Unlike calibrated DTs developed from a corre-
sponding physical twin, these synthetic functional models would lack a real-world counterpart. 
Instead, these virtual plants would be simulated and ‘phenotyped ’ across time and in contrasting
target environments with various management scenarios. This simulation capability is important
because GP of complex agronomic traits, including yield and nitrogen/water use efficiency,
often loses accuracy across environments since these traits emerge from interactions among
genetic, environmental, and management factors [93]. Rather than asking GP to directly predict 
these highly context-dependent traits, DT-enabled GP would focus on genetically stable compo-
nent processes that interact with the en vironment and management to produce complex
agronomic outcomes.

Remaining challeng es
While plant DTs offer potential to help accelerate research and breeding efforts, they face 
challenges to widespread adoption and use. The first challenge is the compatibility and 
integration of the subcomponent pieces, such as the FSPM, CGM, ray-tracing simulator, and 
phenomics data pipeline. Enabling these heterogeneous components to communicate 
seamlessly and operate as a coherent, coupled system remains technically complex. Indeed, 
integration challenges persist in more mature DT domains such as engineering and medicine, 
but these obstacles are largely technical rather than conceptual and are therefore not insur-
mountable. An additional obstacle is that simulating many individual plant DTs in tandem will 
require substantial computational resources. Moreover, additional dimensions, such as water
and nutrient transfer in soils, should be considered. Their simulation will require physics-based
engines and discretization of the domain to allow for computational fluid dynamics algorithms
to be incorporated.

Beyond technical challenges, logistical barriers also constrain implementation. Limited access 
to a computationally trained workforce remains pervasive in plant science, alongside 
constraints in access to the necessary computational hardware and software infrastructure. 
Moreover, high-quality FSPMs and CGMs may not yet exist for all studied crops, and their 
development would be a nontrivial task given their complexity and need for validation. Indeed, 
the overall effort required to deploy a DT remains substantial, encompassing model design, 
experimental planning, data acquisition, parameterization, validation, and iterative refinement. 
Developing strategies that reduce this complexity and improve accessibility for plant biologists
will be critical for future efforts and is essential for realizing the full potential of plant DTs in
research and breeding.
10 Trends in Plant Science, Month 2026, Vol. xx, No. xx



Outstanding questions 
What is the measure of success 
for the particular purpose for which 
the digital twin was designed? How 
should structural, physiological, and 
environmental processes be represented 
to balance mechanistic realism with 
computational tractability across scales, 
and where do diminishing returns
emerge as model complexity increases
to achieve this level of fidelity?

Can plant digital twins capture the 
full  range  of  phenotypic  plasticity  and  
rare genotype-by-environment interac-
tions, or do they represent the ‘average 
plant’ and risk missing critical edge-
case behaviors? Although phenotypic 
data on the physical twin can be 
provided to update the digital twin, are 
current plant process models capable 
of representing extreme physiological
states or responses to novel environ-
mental conditions within a digital twin
framework?

What standards or frameworks will 
ensure interoperability across different 
digital twin systems, species, and 
modeling platforms to enable 
widespread use? Developing and 
implementing common vernaculars 
and data standards will be critical to 
the adoption of digital twins, as the 
data and mo del resources for digital
twins are extensive. What is the role
of AI in addressing this challenge?

How do we make digital twin 
technologies accessible to breeders 
and researchers without computational 
backgrounds, especially in resource-
limited settings? The technical training 
and experience needed to develop 
and implement digital twins are exten-
sive, so are there approaches that can 
be used to reduce this barrier? Is it 
conceivable, with advancements in 
gen erative AI, specifically in code devel-
opment, that this will no longer be a
barrier?

How can recent advances in remote 
sensing, data infrastructure, and AI 
be aligned with the increasing compu-
tational, storage, and networking 
demands of digital twins as their scale 
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Finally, the broader plant science community would benefit from a collaborative effort to establish 
a set of standards, open frameworks, and datasets to reduce friction around developing and 
implementing DTs in novel research contexts. Such standards should include a set of data 
formats, communication protocols, an d interfaces that enable interoperability between models
and software frameworks, facilitating the integration of heterogeneous components into a single
DT [59,70]. Additionally, standards for model specification and verification would enable compar-
isons between DTs [59]. With the addition of high-quality, freely accessible data sets, and proac-
tive efforts to ensure that the software powering DTs adheres to FAIR standards (Findable,
Accessible, Interoperable, Reusable) [94], both the development of novel DTs and their deploy-
ment would be made simpler and more accessible. However, there a re many steps, both in
research and in deployment, that must be completed first.

Concluding remarks 
The development of DTs represents a promising tool in plant science, offering a powerful 
framework to simulate, analyze, and explore the complexities of plant and crop biology. Critically, 
the successful development and deployment of DTs hold the promise of bridging the G2P gap 
by enhancing our understanding of how plant-level traits scale to and impact crop-level 
performance. As the evolution of DTs continues, through improvements in data integration, 
modelin g, and system development, more applications will become possible as the accuracy
of DTs improves. Ideally, success would see the DT become the object of study, with the physical
twin largely serving to validate the DT.

However, realizing this potential requires overcoming key challenges, including the integration of 
the various subcomponents into the DT, validation against empirical data, and making DTs 
accessible to researchers without extensive computational training (see Outstanding questions). 
Advancements in AI, sensor technologies, and FSPMs/CGMs are helping to address these gaps, 
but widespread use and adoption will also depend on building modular, flexible platforms that 
can support a variety of plant species. Investing in the development and deployment of plant 
DTs will enable a deeper understanding of the mechanics of plant and crop biology, helping us
connect gene function to crop performance under varying environmental conditions (see also
Outstanding questions). 
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