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Abstract:  Horticultural modelling is an interdisciplinary field that uses biophysical, statistical, and
mathematical models to understand and predict plant growth, development and the relationships between plants
and their environment. Larger simulations may draw on expertise from different science domains and
increasingly rely on diverse models developed in different frameworks, programming languages, and operating
at multiple spatial, temporal, and physiological scales. Integrating these models into a coherent simulation is
challenging due to differences in data formats, variable naming, and underlying modelling paradigms. We
present a state-variable based integration approach that abstracts model state as shared variables, referenced
through tuple-based identifiers for consistent grouping and namespace management. A memory-based cache
(simulation layer) manages the exchange of these state variables, while a collective simulation framework
schedules model execution and handles interdependencies through synchronisation points. Using this method,
once models are adapted into a collective simulation, they can be linked with minimal rework and reused across
multiple simulation contexts. We demonstrate the approach by integrating FruitCropXL, a functional—-
structural fruit-crop model, with a soil water balance model, enabling direct communication of water fluxes
and shared micro-climate inputs. This integration strategy lays the foundation for digital horticultural twins by
providing a reusable and scalable mechanism for interoperability between independently developed
biophysical models.
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1. INTRODUCTION

In relation to horticultural modelling, the crops in silico initiative (Marshall-Colon and Long et al., 2017)
provides an extensive review of the model integration challenges and range of modelling frameworks available.
Common approaches to model interoperability include standardised data exchange formats, pair-wise
connected models, and frameworks supporting groups of similar models. In many cases these frameworks
have been started by building on isolated models and extended to support small groups of interconnected
models. The Crop2ML initiative (Midingoyi et al., 2021) describes two model interoperability paradigms, the
first based on explicit import-export linkages between small groups of models, and the second where model
linkages are mediated via a centralised component (a standardised modelling language).

A central feature of our model integration approach is the use of state variables as high-level abstractions,
enabling flexible communication between models developed under diverse biophysical modelling paradigms.
To ensure naming consistency and modularity, state variables are referenced using tuple-based identifiers,
which provide structured grouping and namespace management. While models currently use native variable
names, our platform is designed to incorporate a remapping system (netlist), inspired by electronics and
semiconductor design techniques, to align variable names across models within multi-model simulations. The
netlist functions as a directed graph that specifies all connections between shared (or public) state variables
across models. This mechanism provides a systematic way to align variable names and manage model
interactions, forming the basis for the model-to-model communication concepts described in later sections.

2. BACKGROUND

The motivation for this work is the development of a modelling and simulation platform for the Digital
Horticulture Systems (DHS) (Mawson et al., 2023; Stanley et al, 2024). This platform is essential for enabling
interoperability among biophysical models developed across multiple science domains and research teams. The
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existing models in the platform were created in different modelling frameworks, implemented in different
languages, and have data storage formats that are often unique to each model. Moreover, these models operate
at a wide range of scales, from orchard ecosystems to individual trees and organs, while also representing key
physiological processes. These scales are complemented by cellular and molecular models, which help interpret
genetic information and explain the material properties of crops. Two examples of models in use within DHS
are:

e A soil-water-balance model adapted from APSIMX - a well-established horticultural modelling
framework operating on a daily time step (Cichota et al., 2021; Holdsworth et al., 2018), and

e  FruitCropXL — a functional structural plant model operating at hourly time steps, based on eXtended L-
systems and GroIMP growth grammar techniques (Zhu et al., 2021; Kniemeyer and Kurth, 2008).

Other modelling paradigms are also represented within the DHS platform. These include statistical models
applied in genetics, biosecurity, and bio-protection, as well as agent-based models relevant to orchard
management, pest dynamics, and pollinator interactions. While these approaches are important components of
the broader platform, their use is beyond the scope of this paper, and we therefore focus our demonstrations on
the integration of the above two models.

3. MODEL INTEGRATION
3.1. Building the approach

A common aspect of the initial DHS models is that they are biophysical dynamic systems models, describing
a real-world system. Although their formal implementations differ, each model fundamentally expresses the
state of biophysical properties as variables. In this paper, we use the term state variable to refer to this general
concept of a model variable representing a state of a biophysical system variable.

Despite some general conventions, we have found it useful to consider a high level of abstraction for state-
variables where they may be any type of variable describing the system, such as quantities, concentrations,
fluxes, etc. This is because, in a software context, our interoperability layer does not need to mediate in
decisions such as how to partition and structure variable use in individual models — it is the role of the model
to do this. At this point we can summarise that a dynamic systems model of a biophysical system comprises a
set of state variables that describe the system. Such variables are updated in a series of steps using a
corresponding set of update equations during the model simulation.

Time evolving Markov-processes can be described as a chain or series of states, where each successive state is
determined by a statistical calculation using only the previous state (Brémaud, 1999). It turns out that this
structure for updating the state-variables in a Markov-process model can also fit within the general structure
for updating state-variables in a biophysical systems model. This rather interesting insight allows us to propose
that the state-variable based model-to-model communication interface, is suitable for both mechanistic
dynamic systems, and Markov-process based statistical models of biophysical systems. Consequently, our
abstraction should also be compatible with a wide range of modelling approaches of biophysical systems and
was adopted as a key approach to explore in our modelling platform.

It is readily apparent that there should only be one computing process that calculates the final value of a state-
variable at a given step, although it is common for several subprocesses to calculate parts that are then
combined. For example, multiple fluxes may be aggregated, and the aggregate flux used to update a
corresponding quantity state-variable.

The time scale is an important aspect for biophysical simulations and may affect many underlying modelling
processes. For example, minute or hourly updates are often used when modelling processes that vary over a
diurnal cycle (Zhu et al., 2021), and simulations running with daily updates are common in other models that
do not need a high level of detail or when datasets at the finer time scales are limited or hard to obtain. In
addition to fixed time steps, some simulations may utilise a variable time step. This can happen in horticultural
simulations where a coarse time interval is applied to dormant cycles, with finer time steps during periods of
active change, such as springtime bud break and flowering. Additionally, sparsely timed events may be needed,
for example, to include horticultural management actions and events. We refer to the simulation processes for
manipulating regular time-based updates inside the simulation as the simulation clock.

Technically, processes running at finer timescales than the main simulation clock, may be included in the
simulation process using a custom sub-grid calculation, with updates communicated back to the main
simulation processes when the sub-grid calculation finishes. This approach is relatively common in models
written as software code. There are also some simulation environments that provide communication interval
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or other time synchronisation features (Mitchell and Gauthier, 1977, Fritzson and Pop et al., 2020). Predictor-
corrector methods such as the well-known Runge-Kutta methods may be used in conjunction with larger time
steps (Butcher, 1987), but the interpolating types may have an additional computational cost.

3.2. Collective simulation

We introduce the term collective-simulation as a general term to represent the description, orchestration, and
execution of a multi-model simulation. Particularly for simulations where the models are interdependent
(Figure 1).

Fruit-crop model:

Initial conditions

Shoot structures
Model A: | i )
Fruit-crop model 3 Simulation

outputs
Model C: Q + Hourly
Post harvest | * Daily
+ + Analysis
Model B: .
Soil water-balance '

Physiology
Genetics ...

Micro-climate:
Temperature

Rainfall
R.H.

Final reports

Soil:

Soil properties

Figure 1 Schematic representation of a collective simulation including (left) selected model input datasets and
parameters, (middle) a block representation of model connections, and (right) model outputs, post simulation
analysis and reports. The arrows between models A and B represent reading of state-variables (section 3.4).

To orchestrate this type of collective simulation, we first need to describe its structure and the scheduling
relationships between the component models. Our execution platform includes a set of virtual queues named
slot-1, ..., slot-n (Figure 3b). Parsing the pipeline structure and queuing the model tasks is described as follows,
Figure 2 shows the basic building blocks used to create the pipeline structure.

Block 1
Block 2

[ Model C | ModelD |

a) Parallel execution  b) Sequential execution ¢) Nested execution

Figure 2 Representation of elements used to construct a simulation pipeline structure. a) and b) are basic building
blocks for parallel and sequential execution, items may be blocks or models, and blocks may be nested. ¢) A nested
block example that indicates models A and B are run in parallel, followed by model C then model D.

The structure in Figure 2c can be described by a tree graph (Figure 3a), which is traversed top to bottom, and
left to right, blocks are expanded as they are encountered during the traversal and a synchronisation task is
added after expanding each block. Models from parallel execution blocks are assigned to adjacent queue slots.
The final queued state of the models for the simulation example in Figure 2¢ is shown in Figure 3b.

Block 1 (outer) Figure 3 a) graph representation of the
nested simulation example (Figure 2c¢), b)

l Slot 1 Slot 2 queued models after parsing the example
Block 2 simulation. Models A and B run in parallel,
A } [ B } Sync 2 waits for A and B, Syne 1 waits for D.

Sync 2 Execution blocks at the synchronisation

barriers and waits until all tasks generated

in the block have completed.

@ The collective simulation pipeline

Sync 1 ———+ structures are implemented in XML and
included in the simulation scenario and
simulation  instance data  structures
described below.

|
(o]

a) simulation graph b) virtual queue items
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A simulation scenario is a complete recipe for running

a simulation (Figure 4) and includes descriptive records ﬁSimulation instance (components) I
of the science goals for the simulation, the models used,
the pipeline structure of the simulation, and the data Simulation settings: e.g. start date
classes needed to run the simulation. summary

e <
When the model is configured to run, the simulation Simulation pipeline:
identifier, any user adjustments to simulation settings, giiiclia:?::zlt?ucture
and identifiers of the selected input and output datasets >, -4
are combined with the simulation scenario information Input datasets
to create the similarly named simulation instance * Requirements eg data class by model
(Figure 4). Once the simulation is run, this simulation * Selections data instance by class
instance becomes an immutable record of this >
particular simulation. Output datasets

« Series allocation e.g. hourly and daily
outputs

Figure 4 The main components of a simulation instance > <
record, provides a complete description of a simulation. A Extended sections
simulation scenario template is simply a simulation + Analysis and evaluations
instances with the simulation identifier and dataset + Visualisation
selections removed. \_* Reporting

- /

3.3. Model integration

It is necessary to briefly describe a few of the main steps that need to be taken to prepare a model to run on our
platform when using the model-to-model communication features.

Full integration: Only one model in the simulation can run the top-level control loop that is providing the
global simulation clock (control phase), but all models will need to execute the code that runs the update steps
(run phase). Additionally, we require models to include an initialisation phase (prep phase) where any read-
write state-variables the model intends to use must be initialised. Similarly, a post simulation clean-up phase
(post phase) should be defined. An info phase is the final phase required and is used by the platform to retrieve
model-metadata. In summary, the model should implement a calling interface with entry points for: control,
run, prep, post, and info.

Partial integration: For models not intending to use the model-to-model communication interface or where it
is not possible to adapt the model code, we provide a wrapper application, with reduced interface requirements
of; run, prep, post, and info. In this case the model is run in the normal way during the run phase. Such models
may still be run in parallel with fully integrated models, but it will not be possible to use the model-to-model
communication.

34. Model-to-model communication

Models running in parallel on our platform may interact indirectly with each other by reading and writing state-
variable information to a simulation layer component (cache). This is achieved as depicted in Figure 5

Simulation layer: ' soil, water content Figure 5 Mapping variables

(common variable names) | Ui between models, this
ruit-crop, water uptake i . .
) Calc/provide  schematic  shows  netlist
. microclimate, rainfall Read connections  between  the
4l management, irrigation physical twin, soil water-
// /\ . .
/ /] \ R balance model, and fruit crop
S [ model. The simulation layer
physical twin // | soil-water model fruit-crop model (cache) l?ro“des a  simple
: p £ ) = . — —— N ontology-like name space
- soil, water conten \ . . . .
| micro-climate, rainfall | | | | [\ frutcrop.wateruptake |  gefined in the simulation

| management, irrigation \ | ¥ micro-climate, rainfall \" soil, water content scenario.

management, irrigation

The simulation layer is
implemented as a memory-
based cache structure.
Models read and write state-variables only to the simulation layer. We use a tuple-based reference for naming
state-variables, using: owner, domain, category, name. Owner is used by the platform, and domain, category,
and name are available to the models, for example, physical-twin, micro-climate, rainfall. This provides a
convenient ontology-like namespace for variables in the model. In our current prototype, the state-variables

fruit crop, water uptake \
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are named consistently between models and the simulation layer (i.e. are the same). However, our design allows
for translation of the state-variable names to occur as part of the read/write interface.

The simulation layer also writes the state-variables to persistent storage at each update, allowing the underlying
data platform to capture a complete record of the simulated states. Additionally, the read/write interface allows
writing of an initial value for state-variables during initialisation. Our Minerva data platform (Bell et al, 2025),
developed to support our horticultural modelling and simulation work, is also able to transform datasets from
one format to another during the data load (and store) steps. This is useful when two models in the simulation
need to use the same dataset but with a different format, and when integrating existing models.

In many simulation models, micro-climate input variables such as rainfall, air temperature, etc, are loaded as
table data, either all-at-once, or record-by-record, typically from a file or database. A useful technique in our
platform is to adapt the models to treat these as (read only) state-variables, which then provides the capability
to switch the micro-climate between different sources, such as historical datasets, forecast data, or model
generated perturbations.

4. APPLICATION TO SIMULATION AND MODELLING

Throughout this work we have used a demonstration simulation scenario for understanding requirements and
testing our prototypes. This demonstration simulation comprises two models configured to run in parallel. The
first model is the FruitCropXL functional structural fruit-crop model (Zhu et al., 2021), and the second is a soil
water balance model (Cichota et al., 2021). A diagram representing the simulation is shown in Figure 6.

Model connections
—)) Water uptake flux
— Model communication

Fruit Crop Model
- java / GrolMP (Zhu et al 2021)

H I

Layer Time |
sync |

1 Tit

Soil water-balance model
- C sharp (Cichota et al 2021)

State-variables

Micro-climate
data source

Figure 6 (left) Diagram representing the two-model demonstration simulation. (right) Configured structure of the
simulation. The communication of water exchange between the models occurs via the tree water update flux, and
soil water content state-variables using the simulation layer. The apple tree visualisation is created by our Sight
Crop visualisation tool using data from the FruitCropXL model (Zhu et al, 2021).

The exposed state-variables available in these models are summarised as depicted earlier in Figure 5 and the
connections drawn in Figure 6, and relate to the water uptake flux, soil water content and shared micro-climate
data. These two models were developed independently and use different file formats for several of the input
datasets. We were able to readily resolve this by pre-loading microclimate data into the simulation layer (cache)
and applying format transformations, specific to each model, when loading soil parameter datasets from the
data platform.

5. DISCUSSION AND CONCLUSION

We have developed an approach for model-to-model communication in biophysical models for horticultural
systems based on using the modelled state-variables of the system. This operates by having the models
communicate with a memory-based simulation layer (cache) using an ontology-like tuple-reference to name
each shared variable. The simplicity and standardisation of the state-variable based data exchange between
models provides an opportunity for external tools to integrate with simulations.

The model interfacing work described here integrates well with our data platform tools, and when used together
these provide useful data transform features that have allowed us to resolve several data format inconsistencies
between the models without having to rework the model code.

The partial model integration process can be carried out without reworking the model code. However, the
models do need a small wrapper interface when integrating in this way. Partial integration gives these models
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access to the data management, and identity management capabilities of our wider tool system. Fully
onboarding models in the platform, requires more work, as the main control loops that run the main simulation
clock, and solving processes need to be isolated from the sections of code that run the update equations at each
simulation step. Although, this is relatively straight forward, in a large modelling framework it helps to have a
good working knowledge of the model to perform this integration efficiently.

Our horticultural test simulation was successful for demonstrating the proposed approach. We have been able
to connect two quite distinct models, the FruitCropXL model is a complex and relatively large GroIMP-Java
based model, whereas the soil-water balance model is a simpler, but non-trivial C# based model. The relatively
clean and lightweight read/write interface of our tools has helped make it straightforward to expose and connect
the chosen state-variables in each model. Initially, we have provided support for four languages, C#, Java,
Python and R, based on our underlying interface library written in C++. The state-variable references and our
read write interface are also readily adaptable to other languages. This is particularly useful when connecting
models created in different teams, or organisations.

In our approach the simulation layer (cache), comprised of the system state variables, provides a centralised
layer that mediates communication between models. All state variables written to the simulation layer are
tracked in output datasets by our underlying data platform. Additionally, the simulation instance is used by our
modelling platform to record identifiers for all input datasets and parameters used in the simulation, which can
be used to re-run and reproduce the simulation. Ideally, for best future model re-use and interoperability, a
relatively high proportion of the model state-variables should be exposed externally by the techniques we have
described. However, in practise choosing a smaller group of state-variables has been an effective method for
our work. The model state-variables are treated as proxies for the underlying state-variables of the real-world
biophysical system, and as such are suitable for describing the connections between models.

The main focus of our work has been to provide tools that improve the interoperability and re-use of models
in different situations. In our demonstration the overall performance was dominated by the performance of the
fruit crop model simulation, which was the more complex of the two models used. Although there is a
computational cost for the model-to-model communication, the use of a memory-based simulation layer helps
avoid performance bottlenecks. Another aspect of interoperability is the degree to which models are treated as
white-box or black-box in nature. Our approach considers the model inputs, outputs, and the updated states of
the models, which are treated as black-box models. However, some semantic knowledge may be needed to
ensure the use of connecting state-variables is appropriate.

Standardising model communication interfaces is a common approach in integrative modelling and is most
useful and easily applied when connecting relatively small groups of similar models. Similar in this context is
considered to imply models operating at the same scale, and paradigm. Integration becomes more challenging
as we connect models operating in dissimilar scales or paradigms. As the number of models in a framework
increases, it becomes less desirable to modify and adapt individual models to facilitate particular pair-wise
combinations, since this may unnecessarily restrict the combinations of models able to be used. In our state-
variable approach, we anticipate the use of interposer models that perform the transformations and aggregations
needed to adapt between temporal and spatial scales and dissimilar model paradigms.

Our work is an attempt to address the complexity that arises in multi-model biophysical modelling. This
includes both the complexity of the biophysical systems, and the complexity of integrating multiple models of
multiple sub-systems and processes, sometimes developed independently. In our approach the collective
simulation description is a high-level description of the simulation and models only in terms of the models and
their datasets. The virtual queue shown in Figure 3 represents a bulk synchronous parallel (Valiant, 1990)
computing scheme, with synchronisation points having a tree-barrier structure. Our approach extends the
common directed acyclic graph reduction of compute workloads (Aho and Garey et al., 1972) to allow
interdependent processes such as those describing interconnected biophysical systems to be scheduled reliably
for execution.

The interdependencies in the orchestrated workloads are managed effectively using the synchronisation points,
which arise naturally from the decomposition of the collective simulation structure. The overall approach is
general with high level abstractions for the main components Our model integration strategy using a state-
variable based approach, combined with the ability to orchestrate interdependent biophysical models, lays the
foundation for horticultural modelling platforms providing a means for building and running simulations
comprised of independently developed biophysical models in a way that facilitates the reuse of models in
different situations.
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