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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/YingjieShao/
PINN_for _plant_height forecasting.git

Plant growth is a dynamic process affected by genes and growing environment, with all kinds of interactions
between them. These complex relationships make the prediction of plant growth challenging. We propose a
hybrid modelling framework that combines a logistic ordinary differential equation model with a Long Short-

K ds:

D;}r,l:i:ical systems Term Memory (LSTM) neural network, resulting in a Physics Informed Neural Network (PINN). While PINNs
Hybrid modelling have been widely applied to physical dynamical systems, their use in modelling the dynamics of plant growth
Longitudinal data modelling systems is still largely unexplored. We illustrate the construction of a PINN on plant height data in wheat and
Plant growth compare its performance with alternative models for longitudinal plant data. All temporal prediction models

Physics-Informed Neural Networks
Temporal prediction

only require time and temperature as input. Among a set of competing models, our PINN had the lowest
average root mean squared error (RMSE) of prediction and the smallest standard deviation across multiple
random initialisations. Therefore, we conclude that incorporating biological growth constraints into data-driven
growth models can enhance prediction accuracy of longitudinal plant traits.

1. Abbreviations Data-driven and process-based approaches are the two main strate-
gies for plant growth prediction, and both have advantages and lim-
itations. Although classical statistical methods have been used for
crop phenotype prediction, they are generally less flexible than neural
networks and are not considered in this study. Data-driven neural
network models can learn complex patterns from HTP data, but they
do not necessarily incorporate or obey physical mechanisms (Wu et al.,

2024). The lack of mechanistic descriptions of crop growth can limit the

The abbreviations used in this paper is summarised in Table 1.
2. Introduction

Predicting how existing or new crop genotypes will grow under
different environmental conditions is one of the critical challenges

in agriculture. Accurate prediction is important for optimising crop
growth under diverse conditions, supporting crop breeding, crop man-
agement decisions, and other applications (Xiong et al., 2022). Plant
growth results from multiple genetic and environmental interactions
that can be non-linear and time-dependent (Napier et al., 2023), which
increases the complexity of prediction. The increasing availability of
high-throughput phenotyping (HTP) data allows modellers to train tem-
poral prediction models for such tasks (Rand elovi¢ et al., 2023; Roth
et al., 2023). In particular, the non-destructive, sensor-based longitu-
dinal data from HTP platforms provide continuous monitoring of plant
traits alongside environmental covariates, offering rich information for
temporal prediction. Building on these opportunities, this work aims to
develop and compare approaches for plant growth prediction.
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ability of these models to extrapolate predictions beyond the data do-
main. Such extrapolations include predicting plant development further
within the growing season, as well as predicting how specific genotypes
grow in a new season or different environment, or how newly devel-
oped genotypes may perform. Conversely, process-based models encode
mechanistic knowledge explicitly, but their fixed model structures can
reduce flexibility and limit their ability to capture complex patterns
present in real-world data (Droutsas et al., 2022).

Physics-Informed Neural Network (PINN) models present a promis-
ing route to address these limitations and combine the advantages
of data-driven and mechanistic approaches by incorporating domain
knowledge into neural network models. Neural networks are data-
driven models that have become more popular with the increasing
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Table 1
List of abbreviations used in this manuscript.
Abbreviation Definition
DE Differential Equation
FIP Field Phenotyping Platform
FC Fully Connected
HTP High-Throughput Phenotyping
LSTM Long Short-Term Memory
ML Machine Learning
NN Neural Network
ODE Ordinary Differential Equation
PINN Physics-Informed Neural Network
RF Random Forest
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
SNP Single-Nucleotide Polymorphism
Temp-ODE Temperature-informed Ordinary Differential Equation
Logi-ODE Logistic Ordinary Differential Equation
Logi-PINN Logistic Ordinary Differential Equation-Informed Physics-Informed Neural Network

availability of HTP data (Danilevicz et al., 2022). HTP data allow
the neural network models to ‘learn’ correlations from datasets for
temporal prediction by identifying implicit functions between inputs
(environmental factors, etc.) and outputs (plant traits). Neural network
structures specifically designed for temporal analysis, such as Recurrent
Neural Networks (RNNs) and Long Short-Term Memory (LSTM) archi-
tectures, process temporal data and utilise information from previous
time steps for current time-step prediction (Hochreiter and Schmidhu-
ber, 1997; Marhon et al., 2013). LSTM-based models have been used
to capture temporal dependencies in various applications in agricul-
ture (Khaki et al., 2020; Siami-Namini et al., 2019; Wang et al., 2025).
In this work, we integrate the temporal modelling capabilities of LSTMs
with explicit mechanistic knowledge using a Physics-Informed Neural
Network (PINN) framework.

In a PINN structure, domain knowledge is encoded as explicit
relationships, typically using ordinary differential equations (ODEs).
Ordinary differential equations relate the rates of change in variables,
such as plant traits, to inputs such as environmental factors and ob-
servational plant traits. This makes ODE-based equations suitable for
the description of time-dynamic and non-linear processes (Daun et al.,
2008), such as those that underlie plant growth. In addition, ODEs
are smoothly differentiable, which is convenient for the backward
propagation needed for training neural network models. PINN models
use ODEs in the loss function, where the ODEs represent relevant
dynamic processes (Nathasarma and Roy, 2023; Raissi et al., 2017).
The ODE component acts as a soft dynamical constraint by penalising
deviations from the prescribed relation (Chen et al., 2023; Cuomo
et al., 2022; Raissi et al., 2019). The constraint also works at time
steps without observation labels, which is especially helpful in the
situation of limited or irregularly spread observation times. However,
any ODE will not necessarily cover all relevant processes; the data-
driven part of the PINN model is therefore intended to augment missing
information (Jhutty and Hernandez-Vargas, 2022).

PINNs have been successfully applied to biological systems, such
as modelling soil microbiota growth (Cuomo et al., 2025), root den-
sity (Fan et al., 2025) and simulation of soil thermal dynamics without
input of soil thermal properties (Xie et al., 2024). Although used for
dynamic systems, most reported PINNs are built with feed-forward
architectures (Cuomo et al., 2022), which treat time as an explicit input
and ignore sequential temporal structure, limiting their ability to cap-
ture temporal dependencies in dynamic biological processes. Further-
more, the application of Physics-Informed Neural Networks (PINNs) to
agricultural systems, particularly for modelling dynamic plant traits,
remains largely unexplored. This represents a missed opportunity given
the increasing availability of time-resolved high-throughput phenotyp-
ing data.

We construct PINN-based models to evaluate their ability to predict
plant traits under future environmental conditions based on crop trial

data. We compare our PINN models with two ODE-based models, a
classical machine learning (ML) model type, and a time-explicit neural
network type. We want to emphasise that we do not address the
prediction of within-season or within-trial predictions. The evaluation
is based on prediction accuracy, robustness, and the potential to extend
the model to predict the growth of existing or new genotypes in new
environments. The data used to train the models are described in
Section 3.1. The models are described in Section 3.2. The comparison
metrics are given in Section 3.3. The main model comparison results
are given in Section 4. The results are discussed and linked to current
limitations and potential future studies in Section 5.

3. Material and methods

We follow the logical sequence of the model prediction process,
from input to output. We propose our PINN model: an LSTM-based
Logistic ODE-informed PINN model (Logi-PINN), which has not been
explored in dynamic plant growth prediction tasks. The proposed Logi-
PINN was evaluated by model comparison with two different setups:
single-genotype models (one model for each genotype separately) and
multiple-genotype models (one model for multiple genotypes simulta-
neously).

We begin this section by describing the HTP dataset used in this
study and the pre-processing steps applied. The genotype encoding sec-
tion explains how we included genotype information in our multiple-
genotype model. In the Model section (Section 3.2), we introduce the
five model structures, including our proposed Logi-PINN, with detailed
descriptions of key components (such as LSTM units) provided in the
Appendix (Fig. A1.1). Finally, we describe the evaluation metrics used
to assess prediction performance and the impact of the physics loss
components. To facilitate understanding of the equations presented in
the following section, we provide a notation table for easy reference in
Table A2.1.

3.1. Dataset

3.1.1. Data description

Plant height results from interactions between genetic factors and
time-dynamic environmental factors, such as temperature, irradiance,
and water content (Amalova et al., 2024; Miao et al., 2024). Plant
height reflects plant development and depends on a limited number of
genes (Wu et al., 2010). It indirectly contributes to yield by affecting
photosynthesis through leaf area index and biomass, which have been
used for yield prediction (Gracia-Romero et al., 2023; Tao et al.,
2020). Moreover, accurately predicting plant height growth also helps
in precise management (Jayakumari and Nidamanuri, 2024), such as
irrigation and fertilisation, to maintain height within an optimal range.
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Fig. 1. Data Pre-processing. This plot visualises the pipeline from raw temperature and plant height sequences to the processed inputs for model training. The
temperature time series was aligned with the plant height series and also kept at the same time resolution. An example of a processed data plot is shown at the

end of the pipeline.

Plant height can be automatically measured with high-throughput phe-
notyping (HTP) technology, resulting in high-temporal-resolution data
that can be used for constructing prediction models.

We trained and evaluated our models on a subset of a real-world
dataset of wheat growth collected by ETH Ziirich on a field phenotyping
platform (FIP) from 2018 to 2022 (Roth et al., 2025). The HTP dataset
of the field experiment consists of frequent but irregular measurements
of phenotypic variables across the growing season and regularly mea-
sured environmental variables, and different variables often do not
have the same temporal resolution (Geng et al.,, 2024; Roth et al.,
2021). This dataset covers hundreds of genotypes and includes hourly
measurements of air temperature measured two meters above ground,
genetic markers, and estimated longitudinal plant height (Roth et al.,
2025). The dataset has been used for modelling growth responses to
temperature (Roth et al., 2022), and shows the relationship between
elongation and temperature for different genotypes (Roth et al., 2024).
Plant height in the dataset was extracted from RGB images captured by
drones, resulting in approximately 40 plant height data points per plot
during the growing season. Temperature was selected as input for our
temporal prediction model, as it is an important environmental factor
that affects enzyme-controlled reactions within plants, such as photo-
synthesis, leading to changes in plant height (Kronenberg et al., 2021;
Proctor, 1982). Typically, two replicates per genotype were grown
each year and assigned to plots following an experimental design;
however, some genotypes included additional replicates, as indicated
in Fig. A6.1. All replicates were treated as independent samples during
model training to increase the number of target labels, while replicate
measurements corresponding to the same genotype and year were
averaged for model evaluation, as they were grown under identical
temperature conditions.

3.1.2. Data pre-processing

The four-year plant height time series data, spanning from October
to July, were aligned based on sowing date and kept at daily intervals
by filling gaps with NAs between measured dates, resulting in 285-day
time series. Because the data concern winter wheat, the first 115 days
(up to around March) were then removed to exclude non-informative
records before air temperature starts to increase and elongation begins
(Fig. A3.2), resulting in n,(= 170)-day time series (t € [0,n,] € R) with
approximately 30-40 non-NA values per plot per year. Temperature
data consisted of daily averages to align with the plant height observa-
tions. We also checked nearby cutoff values and found that the main
results were not substantially affected. To handle missing early-season
plant height values introduced by time series alignment and to improve
the model’s ability to learn initial conditions, we filled time points
preceding the first recorded height in each year with the sequence’s
minimum height value. The pre-processing pipeline is illustrated in
Fig. 1. The processed data were then formatted as model inputs, as
described in Section 3.2.

3.1.3. Genetic encoding

We selected GABI wheat genotypes (Kollers et al., 2013) that were
present in all four years after pre-processing, resulting in a total of
n, = 19 genotypes. The genetic information for the dataset is composed
of single-nucleotide polymorphism (SNP) marker scores. The geno-
types were encoded with two approaches to make genotype-specific
predictions: one-hot encoding and kinship matrix encoding. Encoded
genotype vectors were used in the model to associate differences in
plant height curves with their genotype and also link the genotypes
with parameters in the ODE, enabling genotype-specific plant height
predictions with the same model. For genotype one-hot encoding, each
genotype was converted into a unique length n, vector containing Os
and 1s, and all genotype vectors were then concatenated, resulting in
a sparse matrix in which the similarity between any pair of genotypes
after encoding is identical. For kinship matrix encoding, a length n,
vector taken from kinship matrix was used to represent the genomic
similarity between one genotype and the other genotypes in the dataset.
Specifically, we calculated it using the “astle” method from the stat-
genGWAS package to get a kinship matrix based on marker information
for each genotype (Rossum and Kruijer, 2024). The “astle” method
is the default for the kinship matrix, which was calculated based on
covariance between the scaled SNP scores (William, Astle and David,
J. Balding, 2009).

3.1.4. Data split

The dataset was divided into three subsets: two training years, one
validation year, and one test year. The training dataset was used to train
our models. The validation data was used to select hyperparameters
(parameters that are set and not learned from data) and the number
of epochs (i.e., the number of iterations before training is stopped).
The test dataset was used as an independent dataset to evaluate model
performance.

We repeated the data-splitting process six times, covering all possi-
ble combinations of training years, with the same 2:1:1 ratio for the
training, validation, and test sets. We focused on evaluating model
performance when the model is trained using the years 2018 and 2019,
which are contrasting in terms of temperature and thus increase diver-
sity in the training data. The justification behind this was to increase
data diversification and avoid high similarity in training data (Gong
et al., 2018), which was expected to improve the ability to successfully
extrapolate to unseen conditions (an example of different years’ plant
height can be found in Fig. A3.1).

3.2. Models

We compared the proposed Logi-PINN with four baseline models
representing different modelling paradigms: two process-based ODE
models, a Logistic ODE (Logi-ODE) and a temperature-informed Lo-
gistic ODE (Temp-ODE); a classical machine-learning model, namely a
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random forest (RF) model; and a data-driven neural network model
(LSTM-NN). The ODE models served as process-based baselines, with
Logi-ODE capturing the general growth trend without explicit environ-
mental forcing and Temp-ODE incorporating temperature as a direct
modifier of growth rate. The RF model provided a commonly used non-
temporal machine-learning reference in agricultural prediction tasks,
while LSTM-NN served as a purely data-driven temporal model for
assessing the added value of physics-based constraints in Logi-PINN.
Models were first evaluated under a single-genotype prediction set-
ting, where separate models were trained for each genotype. Based on
these results, multiple-genotype models were subsequently constructed
for the two best-performing neural network structures, LSTM-NN and
Logi-PINN, using explicit genetic encoding with all genotype data.

3.2.1. ODE-based plant growth model

As dynamic process-based models, we selected a Logi-ODE and a
Temp-ODE, both proposed by Van Voorn et al. (2023) for modelling
biomass. The reason for choosing the Logi-ODE is that previous research
shows that (modified) logistic growth is suitable for approximating the
general plant height dynamic growth patterns (Van Voorn et al., 2023;
Jiang et al., 2020). We therefore assumed that the Logi-ODE describes
the general trend of plant height without considering environmental
factors during the growing season. The Temp-ODE added a smooth
(i.e., continuously differentiable) temperature response curve that mod-
ified the growth rate parameter based on temperature input. Note,
that this temperature response curve introduced a direct link between
ambient temperature and plant height and not between temperature
and photosynthesis. The reason was that no photosynthesis data were
available. Furthermore, the temperature response curve may differ
according to genotype. The Logi-ODE function is given by Eq. (1), as
reported below:

DD ) (1 - ‘yM(t)> ’ )

dt max

where y,,(r) is the plant height (m), r is the intrinsic growth rate
(m/day), and y,,,, is the maximally attainable height of the plant (m).
We randomly initialise r between 0.1 and 0.2, and y,,,, between 0.7 and
0.8 for the Logi-ODE, as broader initial ranges often caused convergence
issues during the ODE parameter optimisation.

Although the pre-processed dataset assigned small non-zero values
to early time points to handle missing observations (Section 3.1.2),
these values were not used as initial conditions for ODE integration.
Instead, the initial condition for the ODE solver was fixed as a small
constant, y(0) = 0.0001, for all genotypes and years. This choice was
made solely for numerical stability, as y(0) = 0 is a steady state
of the logistic equation and would prevent growth during numerical
integration. Biologically, y(0) represents an abstract initial height at
the start of the modelling window rather than a measured trait value.
Because early observed plant height values were likely affected by
measurement noise and do not reliably reflect genetic variation, we did
not treat y(0) as genotype-specific.

We first optimised the ODE parameters r and y,,,, for individual
genotypes and years separately. The averaged parameter values from
the two training years were then used to predict plant height trajec-
tories for the same genotype in future years. While this approach did
not fully exploit the flexibility of process-based models, it provided a
consistent and interpretable baseline for comparison with data-driven
and hybrid prediction models. Furthermore, the Logi-ODE equation was
also used as a physics constraint in the proposed Logi-PINN.

The Temp-ODE is defined in Eq. (2) as follows:

dyy (1)
dt

= ru(t)yy (1) (1 - yM(')> with @

max
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where T;, Ty, T4, and T, control the shape of the temperature
response curve (u(t)). This response curve models the effect of tem-
perature on stem elongation by defining a range between lower and
upper cardinal temperatures, outside of which growth rate will de-
crease to zero. T; and T represent the lower and upper boundaries of
plant tolerant temperature in Kelvin, respectively, while T,; and T,
describe the changing rate of u(f) when temperatures move towards
two boundaries in Kelvin; one can vary the values of these parameters
to vary the shape of the response curve to mimic measured response
curves (Van Voorn et al., 2023).

Although several Temp-ODE parameters vary between genotypes,
the model did not include parameters that can be directly linked to SNP
information; therefore, it was evaluated only in the single-genotype
plant height prediction task. Specifically, the temperature response
parameters T,; and T, were fixed and shared across all genotypes
and years, while r, y,,., Ty, and Ty were fitted separately for each
genotype using two-year training data based on their temperature
inputs. This reflected the assumption that different genotypes exhibit
distinct genetic effects, resulting in different parameter values. The
fitted parameter sets were then used to predict plant height trajectories
in the validation and test years, making the Temp-ODE results compa-
rable with those of other machine-learning prediction models. We used
the same parameter initialisation as in the Logi-ODE model, with T
and Ty, initialised at 292 and 303 K, respectively, with small random
perturbations, while T, and T, were fixed at 2000 and 60,000 K.

We implemented the code with Python ‘SciPy’ (Virtanen et al.,
2020) library. We fitted ODE parameters with the ‘Nelder-Mead’
method, which is a direct search method that optimises parameters by
minimising an objective function (root mean squared error) between
data and ODE predicted value (Nelder and Mead, 1965). The prediction
from ODE was calculated by ODE integration with the ‘LSODA’ method,
a numerical ODE solver that is a flexible and reliable method for ODE
integration (Petzold, 1983).

3.2.2. RF model

We fitted the RF model separately for each genotype. RF was
selected as it is a widely used ML method in crop prediction, which
has given accurate prediction in both regression and classification
problems (Dhillon et al., 2023; Jui et al., 2022; Toda et al., 2024). It
averages results from multiple decision trees to reduce over-fitting (Ho,
1998) and is relatively insensitive to moderate changes in hyperparam-
eter settings. Because each feature is treated independently for predic-
tion, it does not explicitly use time dependency in input data (Regier
et al., 2023). In this way, RF represented a minimal performance refer-
ence: any alternative model should be able to outperform the relevant
RF model in terms of prediction ability. The input was treated differ-
ently in the RF model compared to neural network models. Daily tem-
perature and time index sequences were used as independent features
to train the RF model. While hyperparameter tuning and tree pruning
are often important considerations in RF models, we tested several
hyperparameter combinations and observed no significant improve-
ment in prediction accuracy. Consequently, we retained the default
settings: using ‘squared_error’ as the criterion for feature selection, 100
trees, consideration of all features for the best split, and no additional
pre-pruning or post-pruning strategies. Further implementation details
can be found in the ‘RandomForestRegressor’ class of the ‘scikit-learn’
package (Pedregosa et al., 2011).

3.2.3. Neural network architecture

We chose LSTM units (Appendix Al) to construct neural network
models, as LSTM is a widely used architecture for modelling temporal
dependencies in sequential data. A unified neural network structure
used for both single-genotype and multiple-genotype prediction is il-
lustrated in Fig. 2. All models shared the same temporal backbone,
consisting of stacked LSTM layers that process temperature (T) and
time index (J) inputs in a forward pass.
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Before introducing the individual model structures, we defined the
model inputs and notation used throughout this section. Let Y € R"»*"
denote the plant height matrix, where 7, is the number of samples
(plots) used in a given model and scenario indexed by p, and n, = 170
is the number of time points after pre-processing. The matrix T €
R"*™ and J € R"’ were obtained by repeating the time-indexed
temperature and time vectors across samples. The matrix T describes
the daily averaged temperatures. Matrix J describes the time index
(1...170). Genotype information for multiple-genotype models was pro-
vided either as a one-hot encoded genotype matrix Ggy € R"s*"s or as
a kinship matrix Gg € R"*" (n, = 19). Both representations were used
as inputs to the genetic embedding module.

The output of the LSTM layers was mapped to plant height pre-
dictions through fully connected layers followed by a Leaky ReLU
activation function. The Leaky ReLU activation constrains predictions
to be near-zero or positive values, which is biologically consistent
with plant height measurements, and helps mitigate the dead-neuron
problem associated with standard ReLU activations (Maas et al., 2013;
Xu et al., 2020). In the single-genotype Logi-PINN, two additional
genotype-specific trainable ODE parameters (#(g) and J,,.(g)) were
used solely to define the derivative-based physics loss during training,
which are initialised as 0.1 and 0.8, respectively, based on the average
Logi-ODE fit on the training year. In the single-genotype setting, only
components indicated by solid lines in Fig. 2 were used.

For multiple-genotype prediction, a genetic embedding module was
included, which uses a fully connected layer to map genotype infor-
mation to a latent genetic representation that was concatenated with
the LSTM hidden state before the final fully connected layers. To limit
model complexity, genetic effects were assumed to be constant over
the growing season; consequently, the parameters of the final fully
connected layers that combine genetic and environmental information
were shared across all time steps. The Logi-PINN extended this shared
architecture by introducing a PINN-specific module (grey dashed block
in Fig. 2) that linked the genetic embedding to genotype-specific ODE
parameters used in the physics-based loss formulation. This module
was not present in the LSTM-NN. We initialised the parameter values
r and y,,, based on biological prior and a logistic ODE fit, where
the growth rate r needs to be positive and y,,,. is around one meter
for wheat. The activation functions in this module were selected to
enforce biologically meaningful parameter ranges: a sigmoid function
constrained the growth rate r to values between 0 and 1, a tanh function
allowed both positive and negative genetic effects, and a shifted tanh
activation (tanh +1) constrained y,,,, to the range [0, 2] meter.

3.2.4. Loss components description

We constructed our Logi-PINN by integrating a Logistic ODE
(Van Voorn et al.,, 2023) with LSTM (Hochreiter and Schmidhuber,
1997). The LSTM unit was used for the feed-forward pass, following
a similar architecture to that described in Section 3.2.3 (Fig. 2). The
key difference between the LSTM-NN and the Logi-PINN lies in the
loss function, where additional physics-based loss components were
introduced. The loss components used for training the LSTM-NN and
Logi-PINN models, and their inclusion under single- and multiple-
genotype settings, are summarised in Table 2. An example of how
different loss components were calculated and integrated into neural
network training is shown in Fig. A4.1.

We defined the individual loss components as follows. Data loss (L)
is defined as:

p ny
Li= | =233 (50 - o (0)’, ©)
np Mo p=11=1
where y, is the neural network—predicted plant height and n, < n,
is the number of time points for which plant height measurements
were available for each sample and 7, is the number of samples
(plots) defined in Section 3.2.3. The time indices were defined as = €
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{1,2,....ny} € N, where each 7 corresponds to a day with observed
plant height. Data loss is the key loss for LSTM-NN training and focuses
on minimising the differences between predicted and observed target
variables (plant height). However, this loss function does not impose
constraints on intermediate dates (i.e., time points without target trait
observations). At those time points, the physics loss serves as the main
constraint, since it is calculated at every time step.

The weight regularisation term (a penalty on the squared magnitude
of the model’s weights), also known as weight decay, was another loss
component used in both the LSTM-NN and Logi-PINN models. It is
defined as:

hd o
Ly=2% w?, @
s s=1
where 1, is a hyperparameter (a fixed parameter during model training
that controls the regularisation strength). The n, is the total number of
weights, s indexes the weights and w, represents the individual weights
from the neural network layers. This regularisation term is a commonly
used approach to mitigate overfitting by penalising large weight values
and reducing less important weights to a small number (Ying, 2019).

The Logi-PINN structure introduces physics losses including deriva-
tive loss, r penalty loss and y,,, loss, which can be seen as extra
regularisation terms, i.e. an additional penalty based on the difference
between the model prediction and a physical law, which is Logi-ODE.
The Logi-ODE parameters (genotype-specific r(g) and y,,,.(g)) were
treated as trainable and are updated either jointly with the neural
network weights (single-genotype model) and biases or were predicted
based on genetic input features (as illustrated in the grey section of
Fig. 2). Specifically, the total physics loss is a sum of different loss
components: L, (derivative loss), L, (r penalty loss), and L, Vmax
penalty loss). The derivative loss (L,,) for each sample is defined as
the mean squared residual of the Logistic ODE (Eq. (1)) evaluated at
the neural network prediction:

n o I 2
L=y (ame 0 (1 - yF”)) : ®)

n t=1 ot max

Here, w denotes the temporal derivative of the neural network—
predicted plant height with respect to time, which is computed via
automatic differentiation using the PyTorch library (Paszke et al.,
2019). The physics loss is implemented as a soft constraint that guides
model training by contributing to the total loss and affecting param-
eter updates during backpropagation. Because the derivative term is
computed from the neural-network prediction rather than from finite
differences of the observed HTP measurements, the physics loss does
not suffer from noise in the data nor the irregular observation of the
data. Importantly, this formulation does not require an explicit initial
condition, as we did not integrate the Logi-ODE directly; insteagi, we
used the predicted values from the neural network. Hence, d;—;‘” =
P (1-20).

Unlike the data loss computed only at observation times, the
derivative loss is evaluated at a set of predefined collocation points
over the temporal domain. In our implementation, we selected n, = 170
equally spaced collocation points across the growing season, corre-
sponding to a daily temporal grid. Although the network architecture
could in principle be extended to produce sub-daily predictions and
allow for a finer collocation grid, the observations are available only at
daily resolution. Introducing sub-daily collocation points would not be
directly supported by measurements, and the resulting trajectory would
be primarily driven by the Logistic ODE regularisation. In contrast to
many PINN applications involving well-established physical systems,
the Logistic ODE in our study (or any other potential equations for a
real-life system) serves as an approximate biological prior rather than
a complete and perfect description of plant growth. For this reason,
we adopted a daily collocation resolution, which is consistent with



Y. Shao et al.

T

{ LSTM layer 1

I FC layer 1 |

LSTM layer 2 Tl
" " Genetic

Environment .
Hidden state — H_1dde_n' state_ |
_________________ 4
concatenate !
I
I
I
. _ PINN-specific module
FC layer | S e S
lat each time step A FClayer2 ;
LeakyRelu | Sigmoid Tanh+1
Prediction ODE parameter | ODE parameter
(Plant height Y ) #(g) Gmaz(9)

Computers and Electronics in Agriculture 251 (2026) 111988

Input tensors Hidden states

Output tensors Activation function

__ Extra modules for Multiple

NN layers — =
genotypes model

*Single genotype model: only includes modules with solid lines

Fig. 2. Unified neural network architecture for plant height prediction. The temporal backbone (solid line part) consists of stacked LSTM layers that process
temperature (T) and time index (J) inputs, followed by fully connected (FC) layers and a Leaky ReLU activation to produce plant height predictions Y. For
multiple-genotype models, genotype information G was mapped to a latent genetic representation through a genetic embedding module and concatenated with
the LSTM hidden state. The grey dashed block denotes the PINN-specific module used only in the Logi-PINN, which links genetic information to genotype-specific
ODE parameters. In the single-genotype setting, only components shown with solid lines were used.

Table 2
Loss components used for training LSTM-NN and Logi-PINN models under single- and multiple-genotype settings.
Loss type Loss component LSTM-NN Logi-PINN Logi-PINN
(Single-genotype) (Multiple-genotype)
Data-driven Data loss L, v v v
Regularisation Weight regularisation L, v v v
Derivative loss: L, - v v
Physics-based r penalty loss: L, - 4 v
Vmax Denalty loss: L, - - v

Note: The LSTM-NN uses the same set of loss components for both single- and multiple-genotype model settings.

the temporal scale of the measured data and sufficient to capture the
seasonal growth dynamics of interest.

To ensure that the growth rate estimated by Logi-PINN for each
genotype (#(g)) remains positive and biologically meaningful (as the
overall growth rate parameter r(g) was assumed to be constant and
positive during the growing season), we introduced a penalisation term
for negative values of 7(g), defined as:

g
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Here, a is a fixed scaling parameter controlling the steepness of the
penalty. In this study, « was set to 10* as a pragmatic choice that
ensures a rapidly increasing penalty for negative #(g) values while
maintaining numerical stability. This penalty term was chosen because
Eq. (6) is continuously differentiable and strongly discourages biologi-
cally implausible negative growth rates. As we estimated #(g) for each
genotype g, the L, loss was calculated by averaging across all genotypes
in multiple-genotype models. Furthermore, for the multiple-genotype
model, the L, helps to reduce the residual between the model-predicted
maximum plant height and the genotype-specific ODE parameter y,,,,
for derivative loss calculation, which was defined as:
n,

A
Ly=n—yz

g g=1

mtax.f/N(g7t)_ymax(g) . (7)

Here, 5 (g,t) denotes the neural network—predicted plant height
at time ¢ for genotype g, and y,..(g) represents the genotype-specific
Ymax Parameter predicted from the genetic embedding. This loss was
applied only in the multiple-genotype model (4, = 0 for single geno-
type model)to encourage genotype-specific maximum plant heights and
better support genotype-level dynamics in the derivative-based physical

constraint. In summary, the total loss function for the LSTM-NN model
is defined as

Liotas = Ly + Ly, (8)
while for the Logi-PINN model, it is formulated as

L =Ly +Ly+L,+ L, +L,. 9

3.3. Model comparison

Models were evaluated under two prediction settings described
previously in Section 3.2 and summarised in Table 3. To enable a
fair comparison between ODE-based and ML-based models, predictions
from the ODE models were generated as follows. Averaged Logi-ODE
and Temp-ODE parameters estimated from the training year were used
to generate growth curves, which were then compared with the val-
idation and test year data to calculate prediction performance. For
ODE-based and tree-based methods, no hyperparameter tuning protocol
was applied, as the results were stable across different optimisation
algorithms and model structures (e.g., tree depth and number of trees).

For the NN-based models, a common training and evaluation pro-
tocol was adopted as described below. We first conducted a coarse
exploration of hyperparameters (model depth and width, weight of
physics loss) using the training set to identify configurations that al-
lowed stable model convergence. Based on this preliminary exploration,
most hyperparameters were fixed to reduce computational cost and to
isolate the effects of key design choices. The network architecture was
intentionally kept small, with fewer than 300 trainable parameters, to
match the limited size of the training dataset and to reduce the risk of
overfitting. Hyperparameter tuning was then performed using a small
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Table 3
Prediction settings used for model evaluation.
Model class Model Single-genotype Multiple-genotype
Logi-ODE v
ODE-based model Temp-ODE v
tree-based model RF v
NN-based model LSTM-NN v v
Logi-PINN v v

grid search over four discrete hyperparameter combinations, focusing
on two parameters based on empirical choice: the hidden size (3 or
5) of the first LSTM layer output and the weight of the physics-based
loss (2 or 9). The optimal hyperparameter configuration was selected
following the procedure described below and used for model evaluation
and comparison.

Model weights were initialised before training using orthogonal
matrices, which have been shown to improve performance and sta-
bility in recurrent neural networks (Saxe et al., 2013). Masked RMSE
(Eq. (3)), computed on the validation set, was used as the criterion
for early stopping, hyperparameter tuning, and model comparison.
Models were trained for a maximum of 3000 epochs, and checkpoints
were saved every ten epochs. Final model selection was performed by
identifying the checkpoint with the minimum validation RMSE after
1500 epochs based on the validation set. This stopping criterion was
chosen to avoid overfitting while also preventing premature termina-
tion due to uncertainty in weight initialisation and large fluctuations
during the early stages of training (Frankle et al., 2020). Additionally,
each hyperparameter combination was trained five times with different
random seeds as a practical compromise between computational cost
and stability assessment. For each combination, the mean and standard
deviation of the validation RMSEs were calculated, and the hyperpa-
rameter combination with the minimum average validation RMSE was
selected for model comparison.

As we focused on results obtained from a selected data split to
improve training data diversity (Section 3.1.4), we additionally re-
ported results from another five splits (six in total) using different
combinations of training years in Appendix A5. For each split, the
average RMSE on the test set was computed for both the LSTM-NN and
Logi-PINN models.

4. Results
4.1. Single-genotype model plant height curve prediction

Table 4 shows the average RMSE scores for the training (two years),
validation (one year), and testing (one year) sets of the five models
covering the 19 genotypes. The standard deviation (sd) values for each
model were determined from five different runs per genotype for each
separate model, with each run using a different random parameter
initialisation (by using different random seeds for initialisation).

In most cases, the Logi-ODE recreated the shape of the growth curve
(figures can be found in Supplementary Fig. A6.1) but did not provide
accurate predictions: the test RMSE of the Logi-ODE was approximately
twice that of the best-scoring model, i.e. the Logi-PINN. The test RMSE
of the Temp-ODE was only slightly better than that of the Logi-ODE. The
training involved two years of data with different temperature profiles.
However, in most cases, the predicted curves from the Temp-ODE failed
to distinguish between the two years, as indicated by the high training
RMSE. The RF yielded the worst validation and test RMSE values. This
was likely the result of overfitting, given that the training RMSE of the
RF was the lowest among all five models and the sd for the test RMSE
was very small. The LSTM-NN had the second-lowest test RMSE, and its
validation RMSE was the lowest among all five models. However, the
sd values of the LSTM-NN were the largest among all five models. The
Logi-PINN achieved the best overall performance: its test RMSE was the
lowest among all models, while the corresponding standard deviation

was relatively small. Moreover, the parameters j,,,. and 7 of the Logi-
PINN across different runs consistently converged to similar values
after training, which further indicates the stability of the model (see
Supplementary Fig. A7.1). All models could be trained with a single
CPU within 15 min, and after the model was trained, the prediction
could be done within approximately one second.

To visually compare the predicted plant height curves, we plotted
predicted plant height (curves) and measured plant height (dots) from
our LSTM-NN and Logi-PINN models in Fig. 3. The figure shows two
example genotype prediction results in the test set, in which the shade
(area around the solid line) indicates the interval (mean + sd) calcu-
lated from different model parameter initialisation. The LSTM-NN and
Logi-PINN accurately predicted plant height growth curves over time,
which is consistent with the established capacity of LSTM architectures
to capture local temporal dynamics. Specifically, the predicted curves
followed the same overall shape as measured plant height, for instance,
the observed bump at around 100 days in dots is also captured by
the predicted curves (Fig. 3). However, predicting the plant height in
the middle of the growing season was more challenging (the slope is
large), particularly when the plants were growing rapidly and were
likely more sensitive to changing environmental factors. The Logi-PINN
had smaller fluctuations compared to LSTM-NN (Fig. 3). In particular,
after plants reached their maximum height (after day 100), the LSTM-
NN predictions continued to vary over time, whereas plant height was
expected to remain stable.

To further investigate the performance of our models, we also
compared the models’ test RMSE across genotypes (Fig. 4). We can
see there is a variation in test RMSE between genotypes. While the
Logi-PINN does not always have a lower test RMSE compared to the
LSTM-NN, the variance of the test RMSE was consistently smaller for
the Logi-PINN than for the LSTM-NN (orange dots spread wider than
red dots). The other three models had a smaller sd, while they had a
higher test RMSE for most genotypes.

4.2. Multiple-genotype model plant height curve prediction

Although different genotypes had different prediction accuracies,
the overall growth curve shape was still similar, as we can see in Fig.
3. Table 5 shows the result of multiple-genotype models for unseen
year prediction (Year split), where we wanted to test if we can im-
prove the prediction performance by borrowing information from other
genotypes.

The result shows that the multiple-genotype Logi-PINN had a higher
test RMSE than the single-genotype model, while the multiple-genotype
LSTM-NN had a lower RMSE than the single-genotype model setup. The
decrease in test RMSE for the LSTM-NN model could be attributed to
the increased amount of training data. The model was trained using a
dataset that was 19 times larger than that of a single-genotype model,
as data from all genotypes were used to train a single model. This
allowed the LSTM layers to extract shared information across genotypes
and predict plant height under different temperature conditions for the
given genotypes. While for the Logi-PINN model, the only difference
in the model’s structure was that we linked genotypes with ODE pa-
rameters used for Logi-PINN training. This encoding structure implied
a relationship between ODE parameters and genetic information, which
was not clear from our current dataset; further information can be
found in our discussion section.
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Table 4
Five single-genotype model RMSE comparision.
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Model Training RMSE (+sd) Validation RMSE (+sd) Test RMSE (+sd)
Logi-ODE 0.045 + 0.000* 0.070 = 0.000 0.111 + 0.000
Temp-ODE 0.108 + 0.001 0.063 £ 0.002 0.103 + 0.004

RF 0.020 + 0.002 0.133 + 0.000% 0.188 + 0.000*
LSTM-NN 0.032 + 0.008 0.056 +0.011 0.072 £ 0.022
Logi-PINN 0.029 + 0.004 0.060 + 0.007 0.057 +0.008

This table shows the RMSE averaged results from single-genotype models (average across 19 genotypes) with selected two distinct training
years, 2018 and 2019. Our Logi-PINN was the best performing model based on test RMSE.

2 sd is 0.000 after rounding to three decimal places.
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Fig. 3. Predicted and observed plant heights for two models and two genotypes in the test set. The Logi-PINN (top) and LSTM-NN (bottom) results for genotype
339 are shown as an example of a well-fitted genotype, while genotype 294 is shown as an example of a less well-fitted case. The blue dots represent the measured
data, and the blue curves represent the averaged predicted plant height. The shaded area represents the interval (mean + sd) at each time step, calculated from
model-predicted plant height using five different parameter initialisations. The LSTM-NN results tend to have larger sd values and less smooth predictions.

Table 5

RMSE results for multiple-genotype models based on year splits. The text in bold was the minimum test RMSE score for each encoding method.

Split methods Models one-hot encoding Kinship matrix encoding
Training RMSE Validation RMSE Test RMSE Training RMSE Validation RMSE Test RMSE
Year Split LSTM-NN 0.035 £ 0.001 0.076 £0.010 0.058 +0.012 0.037 £ 0.004 0.073 £ 0.007 0.059 +0.007
P Logi-PINN 0.034 + 0.002 0.070 + 0.009 0.061 + 0.007 0.037 + 0.006 0.067 + 0.006 0.065 +0.017

We also plotted the predicted curves of two representative geno-
types (good and bad prediction performance example). The sd for
Logi-PINN and LSTM-NN was relatively small during the growing sea-
son. There was a clear improvement in the stability of LSTM-NN with
a multiple genotype setup (Fig. 3 ¢, d and Fig. 5 c, d).

5. Discussion

We discuss the observed differences in model performance with
reference to the advantages and limitations summarised in Table 6. In

addition, Appendix A10 summarises how the model comparisons in-
cluded in this study can be used to assess the contributions of different
components of the proposed Logi-PINN.

5.1. LSTM-based model outperforms other compared methods in prediction
accuracy

Our results suggest that our LSTM-based models, with their ability
to capture temporal dependencies, can accurately predict plant height
during the growing season using only air temperature. The Logi-PINN
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Fig. 5. Predicted and observed plant heights for the multiple-genotype model (kinship encoding as an example). The blue dots represent the measured data, and the
blue curves represent the averaged predicted plant height. The shaded area represents the interval (mean + sd) at each time step, calculated from model-predicted
plant height using five different parameter initialisations.LSTM-NN model became more stable and got a smoother result than the single-genotype setup. There
was no gain for the logi-PINN model with multiple genotype setups. The uncertainty of prediction came from different model initialisations, which mainly affected
prediction in the middle of the growing season and at the very end.
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Table 6

Advantages and disadvantages of four selected model structures.
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Model

Advantages

Disadvantages

ODEs (Process-based
models)

1. Consider time dependency (Teschl, 2024).
Include expert knowledge of system development,
thus making it easy to interoperate (Polynikis

et al., 2009)

1. Difficult to fit when feature space and parameter
space increase (Wu et al., 2019; Willms, 2007).

RF (Classical ML
model)

1. Robustness to hyperparameter choice (Probst
et al., 2018).

2. Suitable for high-dimensional data (Ghosh and
Cabrera, 2021; Schwarz et al., 2010).

1. Does not capture time dependency or requires
specific feature design (Regier et al., 2023).

2. The prediction is bound to the range of training
data and is not sufficient for prediction in a new
range (Breiman, 2001).

LSTM-NN (Neural
network model)

1. LSTM is specifically designed to address gradient
vanishing in long time series, which allows
representation of various time-lag effects (Dupont
et al.,, 2024; Hochreiter and Schmidhuber, 1997).
2. A flexible structure suitable for end-to-end
training (Sukhbaatar et al., 2015; Wang et al.,
2019) allows the model to train and perform
feature selection based on its end task (plant
height curve prediction).

1. More parameters are included compared to
process-based models, which makes the model less
interpretable (Liang et al., 2021).

2. No explicit domain knowledge is encoded.

Logi-PINN
(PINN model)

1. Captures time dependency and time-lag effects
(Nathasarma and Roy, 2023; Hochreiter and
Schmidhuber, 1997).

2. Physics loss can constrain model predictions
where label data are not available, constraining

1. Difficulty in balancing different parts of the loss
function (Cuomo et al., 2022).

2. Prediction accuracy and interoperability also
depend on the reliability of the ODE (physics)
component.

the solution space (Hu et al., 2024; Karniadakis

et al., 2021).

3. Suitable when fewer data are available and

when given physical laws are followed

(Blechschmidt and Ernst, 2021).

achieved the lowest test RMSE in the single-genotype experiments,
outperforming all other models. The LSTM-NN improves when more
training data are available in the multiple-genotype setup. The best-
performing Logi-PINN and the best-performing LSTM-NN showed com-
parable accuracy in the multiple-genotype setting. Since the LSTM-NN
uses the same temporal backbone as Logi-PINN but does not include the
physics-based loss terms, this comparison provides a direct reference for
evaluating the contribution of the physics constraint.

The RNN structure was chosen because it is biologically meaningful
in terms of processing time and temperature inputs sequentially. The
LSTM unit takes temperature inputs from both the current and previous
time steps, which is comparable to the growing degree day concept
used in crop modelling (McMaster and Wilhelm, 1997). It can accu-
mulate temperatures from previous days through its recurrent hidden
states, summarising past temperature information to influence growth
predictions. Using a recurrent structure to process raw temperature
input instead of calculating growing degree days is more flexible, as
it uses different weights that adjust how much information is retained
or forgotten from previous time steps to make the current prediction.
The weights of different gates are adjusted based on the input data
(an example of gate weights from the first LSTM layer of the Logi-
PINN model is shown in Fig. A8.1). In contrast, RF is a commonly
used data-driven model in agriculture but performs poorly due to its
known limitations in time-series tasks compared to dynamic models.
Thus, RF models used for time-series prediction and classification
often rely on either manually designed features to capture temporal
trends (Karasu and Altan, 2019) or the use of previous values of the
predicted variable to introduce temporal dependencies (Tyralis and Pa-
pacharalampous, 2017). Therefore, RF was included as a representative
classical machine-learning baseline rather than as a temporal baseline
in our study. The comparison with LSTM-based models provides a
reference for assessing the importance of explicitly modelling temporal
dependence in plant growth prediction.

Process-based models, such as the ODE approach used here, are built
on interpretable mathematical formulations with a limited number of
parameters. These models are an oversimplified summary of real-life
systems. The simplified plant growth assumptions and limited number
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of parameters in the ODE structure restrict the flexibility and capacity
of ODE models. In our case, the logistic structure restricts the growth
curve shape and assumes a constant basic growth rate throughout the
season. Even with Temp-ODE, we assume that air temperature has a
direct effect on growth rate. The current ODE structure is less effective
in tracking finer details of plant height fluctuations arising from more
complex effects, such as lagged environmental effects on growth rate.
Adding additional ODEs that link other environmental responses to
plant height could increase flexibility, but this requires accurate domain
knowledge about the system and increases optimisation complexity.
Furthermore, more complex process-based models designed to describe
detailed mechanisms of plant growth are difficult to calibrate and
increase uncertainty in predictions (Droutsas et al., 2022; Dokoohaki
et al., 2021). The choice of equations and calibration of parameters
also strongly influence model performance and often rely on user exper-
tise (Confalonieri et al., 2016). Since misspecified prior knowledge can
bias PINN training and harm prediction performance, we chose to use
the Logistic ODE as a simplified soft constraint on the overall growth
shape, allowing the neural network to learn dynamic responses from
the training data without introducing extra complexity.

PINN structures provide a way to integrate known complex biolog-
ical processes while retaining the expressive power of deep learning,
making them especially suitable for modelling dynamic plant traits
such as growth over time. Even with a simple Logi-ODE describing
the global trend of plant height over the growing season, prediction
accuracy can be improved with limited data. The additional loss terms
allow the model to incorporate multiple criteria simultaneously dur-
ing training, which may improve the calibration process compared
to single-objective optimisation, as discussed in process-based mod-
elling (Wagener et al., 2003). In the single-genotype setting, adding the
physics loss reduced uncertainty across different model initialisations
and yielded more stable predictions, as reflected by the decreased
standard deviation compared with LSTM-NN. The larger sd observed
in the single-genotype LSTM-NN results also suggests a higher ten-
dency to overfit noisy patterns in the training data, thereby reducing
generalisation ability.
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5.2. Potential use and future study of the temporal plant growth prediction
model

While our current temporal prediction study focused on plant
height, the same model structure could be adapted to predict other
dynamic plant traits, such as leaf area, canopy cover, or biomass accu-
mulation. Moreover, temperature was used as the only environmental
input in the current study, but the same framework could be extended
to incorporate multiple environmental factors, such as irradiance, soil
moisture, or water availability. In future work, the physics loss could
also be adapted to allow dynamic growth rates that respond to different
environmental factors during the growing season. The HTP platform
produces phenotyping data from different plant organs, revealing dy-
namic plant development (Tardieu et al., 2017), and these data can be
used to train multi-trait temporal prediction models. Building on this, a
well-performing PINN model that accurately predicts multiple temporal
traits can serve as a biologically meaningful basis for yield prediction.
Specifically, it can be extended to yield prediction by decomposing
yield into underlying components or intermediate traits (Tsutsumi-
Morita et al., 2021). Instead of treating yield as a static prediction
task, dynamic prediction of multiple traits can be combined to inform
yield prediction. In this way, predictions reflect the logical development
of intermediate traits and can be constrained by intermediate trait
dynamics.

The potential use of a temporal prediction model lies in converting
temporal phenotyping data from the HTP platform and static genetic
data into genetic gain Araus et al. (2018), Roth et al. (2023), supporting
selection decisions that accelerate plant breeding. Combining data-
driven and process-based models to embed marker data and link them
to temporal traits provides a potential way to extend prediction models
to new cultivars. Machine learning methods are becoming increasingly
important for analysing genetic data (Libbrecht and Noble, 2015), and
more explainable ML models are essential for understanding genetic
effects (Novakovsky et al., 2023). PINN and other hybrid ML methods
cannot only reduce data requirements but also improve interpretability,
as domain knowledge and appropriate rules are encoded in the model
structure or guide the model learning process.

5.3. Current challenges of PINN for plant growth systems

To support the further development of PINNs for dynamic plant
growth systems, it is important to carefully consider challenges asso-
ciated with their application to real-life biological systems. Previous
PINN studies have mainly focused on controlled engineering systems or
well-established physical systems, where integrated equations provide
near-perfect descriptions of underlying processes (Linka et al., 2022;
Wong et al., 2025). However, real-life systems such as plant growth
introduce additional challenges for PINNs: they are often more complex
than the domain knowledge summarised by experts in process-based
models (Camargo and Kemanian, 2016), and non-linear environmental
noise can complicate PINN optimisation (Pilar and Wahlstrom, 2024).

Addressing these challenges requires careful consideration when
designing model structures for real-life systems. Our results suggest
that inaccurate prior information can hinder model performance more
severely than the absence of such information. For example, in the
multiple-genotype setting, inaccurate information may arise from as-
sumptions of direct relationships between ODE parameters and geno-
type similarity used in constrained training procedures. As genotype
distance is incorporated as an additional constraint during training,
inaccuracies in genetic similarity representations are likely to have
a larger impact on PINN-based models than on purely data-driven
approaches. In this study, SNP information was summarised into a
single similarity measure, which provides a simple representation that
facilitates unseen-year prediction but may lack sufficient information
to support extrapolation to unseen genotypes (Supplementary Section
A9). Consistent with this observation, no clear relationship was found
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between ODE parameters and genotype similarity (Fig. A9.1). This
helps explain why the Logi-PINN exhibits lower prediction accuracy
compared to the single-genotype setup. Furthermore, we tested an ad-
ditional ablation model in which the kinship input was retained in the
neural-network forward prediction path, but the genotype-dependent
ODE-parameter mapping was replaced with a single trainable set of
ODE parameters shared across all genotypes. This structure reached
a similar result to the one-hot encoding Logi-PINN and higher accu-
racy than the original kinship matrix encoding in Table 5, suggesting
that directly mapping genotype similarity to ODE parameters did not
provide additional useful information in the current multi-genotype
setting. Together with the slightly weaker performance of the multiple-
genotype Logi-PINN compared with LSTM-NN, this suggests that a
better genetic embedding is required.

In contrast, less informative but soft constraints are likely to cause
less harm to model performance (Méarquez-Neila et al., 2017). Al-
though the Logi-ODE component in the current Logi-PINN structure
does not explicitly capture environment-related growth variations, it
still leads to more stable and accurate predictions in the single-genotype
setting. As a soft constraint, it does not introduce strong structural
bias, allowing environmental effects to be learned directly from input
temperature data. This suggests that partially correct physical rules,
which may not fully describe system dynamics, can be incorporated as
soft constraints to maintain model flexibility while avoiding restrictive
assumptions. This consideration is particularly important for real-life
biological systems such as plants, where physical rules are often derived
under assumptions that may not always hold.

Another important consideration is how PINN training balances
multiple components in the loss function, typically combining data
loss and physics loss, resulting in a multi-objective optimisation prob-
lem (Gunantara, 2018). Compared with purely data-driven neural net-
works, this increases the computational cost because the derivative-
based physics loss requires automatic differentiation of the neural-
network output with respect to time during backpropagation. More-
over, the weight of the physics loss in this work was treated as a
hyperparameter and searched over a discrete space, introducing two
potential challenges. First, different loss components may conflict with
each other, particularly when physics-based models do not fully capture
the complexity of real-world systems, leading to discrepancies between
process-based assumptions and observed data (Xu et al., 2023). Second,
even when loss components do not drive optimisation in opposing
directions, their relative scales can vary during training, causing the
model to focus disproportionately on one component. Allowing dy-
namically adjusted loss weights during training may help alleviate this
issue (Gao et al., 2025). Previous studies suggest that L, regularisation
on neural network parameters or alternative regularisation strategies
for physics loss can improve PINN stability and prevent dominance of
either data loss or physics loss during training (Pu and Chen, 2023;
Wang et al., 2022). The proposed PINN framework for plant growth
prediction can also be extended to incorporate these additional envi-
ronmental or categorical variables either as model inputs or as part
of the physics-based constraints. This will increase the complexity of
loss functions. We will investigate different strategies when we extend
to multiple environmental factors with multiple equations in future
studies.

6. Conclusion

Environmental factors dynamically influence plant growth through-
out the growing season rather than directly determining the end-season
phenotype. Capturing these temporal dynamics is essential for accu-
rately predicting plant growth under new environmental conditions.
We propose a Logi-PINN structure that incorporates dynamic effects by
combining a time-dependent neural network with an ODE structure to
predict plant height for different genotypes under new environmental
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conditions. This work demonstrates the applicability of PINN frame-
works for temporal plant growth trait prediction. The results show
improved average prediction accuracy and robustness when physics
loss is incorporated in single-genotype models. This PINN structure
is particularly useful when we have limited data and is adaptable to
multiple dynamic phenotypes when appropriate data are available.
The proposed temporal prediction model can bridge the gap between
dynamic phenotype prediction and genotype information and help
shorten breeding cycles.
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Appendix A

Al. LSTM unit

As a commonly used neural network for sequential data processing,
the LSTM unit includes two states to keep long and short-term memory
from time series (Fig. A1.1 modified based on (Zhang et al., 2021). The
cell state is designed to capture long-term memory in the time series,
and the hidden state is strongly related to short-term memory. When
the X, is fed into an LSTM unit, the input from current time step (X,)
and Hidden state from last time (H,_,) are used to calculate the forget
gate F,, input gate I,, output gate O, and candidate cell state C, with
Eq. (Al1.1) given as

Fi=c(X,W,;+H,_ W, +b/)
I, = 6(X,Wy; + H,_ Wy, + b))

0, = 6(X, Wy, + H,_1Wj, +b,)

C, = tanh(X,W,, + H,_ W}, + b,).

(Al.1)

The calculation assigns separate weights W, ,, W,; and W,, for current
time step input and W, ; W,,; and W, for previous hidden state output.
The ¢ is a sigmoid activation function used for converting the value
between zero and one, which determines whether the corresponding
information needs to be forgotten or kept. ranh is a hyperbolic tangent
activation function that narrows the output values between —1 and 1,
with negative values representing negative effects and positive values
representing positive effects, respectively. After that, the cell state C,
and hidden state H, at time t will be updated based on:

C,=F0oC_ +1,0C,
H, = O, © tanh(C,),

where the ® notation represents the element-wise multiplication
(Hadamard product). Notice that the notations for this section are
commonly used in literature, which do not overlap or are used in other
parts of this paper.

(A1.2)
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A2. Notation table
See Table A2.1.
A3. Example data
See Figs. A3.1 and A3.2.
A4. Loss construction and physics constraint integration in logi-PINN
See Fig. A4.1.
A5. Different data split result for LSTM-NN and logi-PINN
See Table A5.1, Figs. A5.1 and A5.2.
A6. Logi-ODE fit

The RMSE of Logi-ODE on fitted years is quite low, although some
local shape changes are missing. The averaged result for the given year
and genotypes is RMSE scores of 0.045 + 1.13 x 107° for the years 2018
and 2019, 0.021 +4.33 x 107 for the year 2022 and 0.033 +2.55 x 10~/
for the year 2021.

A7. Logi-PINN model stability for different initialisation

See Fig. A7.1.

A8. Weight parameters from trained logi-PINN model for different geno-
types

See Fig. A8.1.
A9. Kinship matrix and genotype similarity

The kinship matrix we use represents genotype similarity based
on the SNPs across their genome, which we also used to represent
genetic effect and links to ODE parameters (for Logi-PINN structure) in
multiple-genotype models. Those genotype effects are used to predict
plant height development at different years. However, firstly, we found
that the correlation (pairwise relatedness in kinship matrix) between
the selected 19 genotypes is quite similar (all winter wheats), with
no distinct groups within the 19 genotypes (Fig. A9.1(a)). Secondly,
we also found no clear relationship between our calculated genotype
similarity and Logi-ODE parameters (Fig. A9.1(b)).

A10. Model comparisons for assessing component contributions

We provide a summary table (Table A10.1) below to clarify how
the contributions of different model components were evaluated in
our study. First, we included RF as a non-temporal machine-learning
reference model. The comparison between RF and LSTM-NN helps
illustrate the contribution of using an LSTM-based temporal structure
for this task. Second, LSTM-NN and Logi-PINN use the same temporal
neural-network backbone; therefore, their comparison helps isolate the
effect of the physics loss. Third, we included Logi-ODE and Temp-ODE
as process-based baselines. Temp-ODE was trained and evaluated using
the same data split as the other single-genotype models, allowing us
to compare the proposed Logi-PINN with a purely process-based model
under the same prediction setting. This comparison helps show whether
the process-based ODE model alone is sufficient for the plant-height
prediction task.
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Fig. A1.1. LSTM unit.
Table A2.1
Notation table.

Symbol Description First use of the symbol
Tensors
G A tensor of Genotype encoding. Section 3.1.3
J A tensor of time index. Section 3.2
T A tensor of air temperature data (2 meters above ground). Section 3.2
Y A tensor of Plant height data. Section 3.2
Y A predicted plant height tensor, which has the same shape as Y . Fig. 2
Variables & Functions
4y %(!) The derivative of plant height with respect to time ¢ from Logi-ODE?. Eq.(1)
d{l—’t‘” The derivative calculated based on the mathematical equation (Logi-ODE). Eq.(5)
% The derivative of plant height with respect to time ¢ from Temp-ODE. Eq.(2)
N Neural network predicted plant heightb4 Eq.(3)
ay% The gradient of predicted plant height with respect to time index calculated from neural network part based on auto-gradient. Eq.(5)
Ly The weight regularisation loss, which is L, regularisation on neural networks parameters. Eq.(4)
Lg The data loss, an averaged RMSE across the whole time series. Eq.(3)
Ly The derivative loss, which minimises the difference between auto-gradient and ODE derivative. Eq.(5)
L, The penalisation loss, which penalise negative r value during Logi-PINN training. Eq.(6)
Ly The yjqx loss, which reduces the residual between model predicted maximum plant height and genetics embedded y,; 4y (2). Eq.(7)
#(g) The parameter r for genotype g estimated by Logi-PINN models. Eq.(6)
u(r) Temperature response curve that modify growth rate r in Temp-ODE. Eq.(2)
ym@® The plant height at time step ¢, a state variable of Logi-ODE. Eq.(1)
¥(1) The plant height at time step ¢, a state variable of Temp-ODE. Eq.(2)
Imax (@) The ypqy predicted for genotype g from on Logi-PINN models. Eq.(7)
N Neural network predicted plant height. Eq.(3)
INGD The plant height predicted by NN-based model at time r for genotype g. Eq.(7)
Fixed numbers
ny The total number of days in a growing season in our dataset, in this case n; = 170. Section 3.1.2
ny The total number of measured plant height during a growing season, which is around 40 but varies across different year and genotypes Eq.(3)
np The number of samples (plots) in the dataset. Section 3.1.2
ng The number of genotypes in the dataset. Section 3.1.3
ng The total number of weight. Eq.(4)
Parameters
r A parameter from Logi-ODE and Temp-ODE that describes an overall growth rate across the growing season. Eq.(1)
TAL Arhenius temperature for the rate of decrease at the lower boundary of the temperature tolerance range, which was set as consent (2000 K). Eq.(2)
Tay Arhenius temperature for the rate of decrease at the upper boundary of the temperature tolerance range, which was set as consent (60000 K). Eq.(2)
Ty Upper boundary of the temperature tolerance. Eq.(2)
Tr Lower boundary of the temperature tolerance. Eq.(2)
wg The individual weights from the neural network layers. Eq.(4)
Ymax A parameter from Logi-ODE and Temp-ODE that describes the maximum boundary of plant height. Eq.(1)
5 A weight parameter for the regularisation strength. Eq.(4)
Am A weight parameter for the derivative loss strength. Eq.(5)
Ay A weight parameter for the y,,y loss strength, which is binary. Eq.(7)
Indices
g Index of genotypes g € {1,2,...,19} . Eq.(6)
P Index of plots (samples). Section 3.2
s Index of weight parameters in neural network layers. Eq.(4)
1 Index of time points, and 7 €[1,170] € R . Section 3.1.2
T The time indices are defined as 7 € {1,2,...,np} €N, (where each r corresponds to an observed day for each sample). Eq.(3)

dyp (1)
dt

b The subscript  (e.g., ) indicates that values are obtained from an NN-based model (LSTM-NN or Logi-PINN) or functions related to neural network models.

2 The subscript p; (e.g.,

) indicates that the value is obtained from a mathematical model (ODE).
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(a) Plant height (b) Temperature (c) Daily temperature

Fig. A3.1. An example of measured wheat height and corresponding temperature during the growing season. The left figure shows plant height for genotype
335 in four years. The colours correspond to different years, with two replicates within each year. The middle figure is the corresponding daily average air
temperature, but at the same time step as measured plant height, and the right figure is for the daily temperature of the whole growing season.

temperature

—e— 2018
—e— 2019
—e— 2021
—e— 2022

25

o 50 100 150 200 250

Fig. A3.2. Daily temperature after alignment based on plant sowing date. The plot shows four-year daily temperature data, which is indicated by four colours.
The blue vertical line indicates the start date (115 days after sowing) used in our model training.

I Label I
Tk
Input Yparameter updated y(m) |
Plant height prediction model ~ Prediction |
= |
RMSE data loss I
: |
L2(w) Weight L2 regularization
Foemememooeoees > g : —
Neural network (parameters) : p e P TT— :
I - > L, ( dg:l S %) Derivative loss
Prediction : . Y sl
---------------- > T -

Sessamses Q L(7) : r boundary loss /

— —— —» Backpropagation

loss calculation

Fig. A4.1. Flow chart of physics loss calculation and how to use it as a constraint during neural network training.
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Table A5.1

Summary of model comparison result for single-genotype model with different data splits.
Model Training RMSE + sd Validation RMSE + sd Test RMSE + sd
LSTM-NN 0.026 + 0.007 0.115 £ 0.037 0.101 £ 0.035
Logi-PINN 0.026 + 0.003 0.094 +0.021 0.083 +0.014

This table shows the average result from single-genotype models with six possible data splits. The standard deviation (sd) was calculated based on random seeds and averaged
across different data splits.

Model Type
@@ LSTM-NN
o mE logi PINN

o0

0.25 A
o}

test_rMSE
[=]
[
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L

0.15 A

o
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(¢}
O
o
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0.05

0.00

T T T T T T
(2018, 2019)(2018, 2021)(2018, 2022)(2019, 2021)(2019, 2022)(2021, 2022)
train_year

Fig. A5.1. Different training year Logi-PINN and LSTM-NN test RMSE result comparison. The box plot shows the test RMSE result for two single-genotype models:
Logi-PINN and LSTM-NN. The models have different prediction accuracy, likely because of the data diversity in the training year. In general, the Logi-PINN model
has lower test RMSE than the LSTM-NN model.

Training Loss Curves (All Genotypes Averaged) Validation Loss Curves (All Genotypes Averaged)

0.5 0.5
—— PINN Train Loss (All Genotypes Avg) —— PINN Validation Loss (All Genotypes Avg)
— LSTM Train Loss (All Genotypes Avg) ——— LSTM Validation Loss (All Genotypes Avg)
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Fig. A5.2. Average training and validation loss curves across different genotypes and splits.

Table A10.1
Model comparisons and their purposes.

Model comparison Purpose

RF vs LSTM-NN Evaluates the effect of using a temporal neural-network structure compared with a classical
non-temporal machine-learning reference.

LSTM-NN vs Logi-PINN Tests the contribution of the logistic ODE-based physics constraint.

Logi-ODE/Temp-ODE vs Logi-PINN Tests whether the process-based ODE model alone is sufficient compared with the hybrid model.

Multiple-genotype Logi-PINN with one-hot vs kinship Tests whether linking genotype embedding to ODE parameters affects multi-genotype prediction.

encoding

Multiple-genotype LSTM-NN vs multiple-genotype Logi-PINN Tests the contribution of the logistic ODE-based physics constraint in multiple-genotype settings.
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(a) genotype 339 (b) genotype 122 (c) genotype 30 (d) genotype 254

(e) genotype 335 (f) genotype 17 (g) genotype 301 (h) genotype 302

(i) genotype 133 (j) genotype 33 (k) genotype 5 (1) genotype 6

(m) genotype 2 (n) genotype 218 (0) genotype 362 (p) genotype 341

(q) genotype 282 (r) genotype 106 (s) genotype 294

Fig. A6.1. Logi-ODE fit to each replicate (plot) separately for four years, which were ordered based on the same order as the result Fig. 4. The dots are measured
plant height data, and the curves are fitted with a logistic ODE to each sequence (plot/replicate) separately, coloured according to the harvest year. There is
a clear difference between dates when the plants start to elongate and reach their maximum plant height. Unlike prediction models,we do not predict for new
environmental conditions, but only want to justify that Logi-ODE can describe the general plant height growth curves.
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model.r model.y_max
= weight_physic: 2, num_layer: 1, hidden_s - - wei : 2, num_layer: 1, hidden_: -
0 500 1k 1.5k 2k 2.5k 0 500 1k 1.5k 2k

Fig. A7.1. Parameter coverage for Logi-PINN model. This is an example from five runs with different random seeds of our Logi-PINN, which shows that r(g) and
Ymax(g) can converge to similar values for each genotype. The green line indicates the average r(g) and y,,.(g) for a given genotype changing with the increase
of training epochs, and the shade shows the actual value range (min and max).

Averaged of LSTM Gates (ih & hh) per Genotype

Fig. A8.1. Heatmap of the averaged weights for the first LSTM layer from trained Logi-PINN models for different genotypes. The weight of the trained models
implies how much information is used from previous time steps and the current time step. The weight values in the heatmap are normalised based on the weight
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Fig. A9.1. Kinship matrix and Logi-ODE parameters. The result section shows the results for the training years 2018 and 2019. The right heatmap does not show
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clear groups among different genotypes. There is also no clear relationship between ODE parameters and genotype similarity.

17

Similarity



Y. Shao et al
Data availability

The data used in the study are publicly available from (Roth et al.,
2025). The code and processed data for model training can be found in
the GitHub repository (https://github.com/YingjieShao/PINN_for_plan
t_height_forecasting.git).
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