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Abstract

Quantifying organism-level phenotypes, such as
growth dynamics and biomass accumulation, is
fundamental to understanding agronomic traits
and optimizing crop production. However, qual-
ity growing data of plants at scale is difficult to
generate. Here we use a mobile robotic platform
to capture high-resolution environmental sensing
and phenotyping measurements of a large-scale
hydroponic leafy greens system. We describe a
self-supervised modeling approach to build a map
from observed growing data to the entire plant
growth trajectory. We demonstrate our approach
by forecasting future plant height and harvest
mass of crops in this system. This approach repre-
sents a significant advance in combining robotic
automation and machine learning, as well as pro-
viding actionable insights for agronomic research
and operational efficiency.

1. Introduction

Understanding how plants grow is crucial for predicting
biomass production and maturity; these important agro-
nomic traits are directly linked to crop yield. However,
reliably estimating these traits is challenging because plant
growth is sensitive to the environment, and varies across
species and cultivars. Robustly capturing the relationships
between genotype, environment, and organismal phenotype
demands extensive data.

Traditionally, efforts to build such predictive models have
been hindered by the cost and labor involved in collecting
detailed phenotypic and environmental information. In this
study, we deploy an automated robotic system managing a
large-scale hydroponic production facility growing lettuce
and spinach varieties. These robots systematically gather
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Figure 1. Top: Robots and sensors collect data of leafy greens
grown hydroponically: left logs environment (temperature, light,
humidity), and right captures phenotype (height over time). Bot-
tom: The entire trajectory of growth is generated using currently
observed environment, phenotype, and genotype data.

high-dimensional environmental and phenotypic data across
thousands of growing trays daily.

Leveraging this comprehensive dataset, we develop HINTS
(Harvest Intelligence from Neural Time Series), a generative
model that links environmental and phenotypic inputs to key
outcomes like growth rates and harvest mass. Our approach
uniquely benefits from self-supervision, where the natural
physical growth process provides the supervisory signal.
Models trained on this data can generate growth parameters,
which can be used to predict plant height and weight at
harvest. This approach can fully leverage automated robotic
phenotyping and environmental sensing to understand plant
biology.



Self-supervised learning predicts plant growth trajectories from multi-modal industrial greenhouse data

2. Related Work

A standard approach to estimating plant maturity is grow-
ing degree days: This heuristic models plant growth as
the accumulation of heat each day throughout the life cy-
cle, with species or variety specific temperature thresholds
(de Réaumur, 1735; Miller et al., 2001). These approaches
have been further refined by incorporating additional con-
straints, like plant stress (Hatfield et al., 2011), and environ-
mental data (Brechner et al., 1996). In addition, statistical
models of plant growth (Hunt, 1982) and machine learn-
ing methods (Sharmin et al., 2025) can improve estimates
agricultural productivity.

The development of accurate models require substantial
amounts of quality data. High-throughput phenotyping fa-
cilities automate this data collection process (Abebe et al.,
2023; Atefi et al., 2021) using a combination of computer
vision and sensor data to estimate plant growth and maturity
(Li et al., 2021; Xu et al., 2022). However, these facilities
are expensive to build and maintain, and are not integrated
into large-scale commercial operations.

Extracting useful features to represent biology from vast
datasets is also a challenge (Wang et al., 2023). Self-
supervised learning has been frequently employed to build
biological insights without extensive labeled data (Liu et al.,
2021; Lopez et al., 2018; Notin et al., 2024; Lu et al., 2019;
Brixi et al., 2025), and has been incorporated into indus-
trial phenotyping efforts in biomedical research (Fay et al.,
2023; Sivanandan et al., 2023). These computational ap-
proaches, when paired with robotic data acquisition, make
them scalable biology learners.

3. Methods

3.1. Data collection

Lettuce and spinach are cultivated hydroponically in an
approximately 1 m? growing tray across an 3000 m? sized
facility (Figure 1). Hydroponic water volume is managed by
custom-outfitted freight robots (Meeussen et al., 2021): one
set of robots determines water volume in each tray, while
another set delivers precise amounts of water and nutrients
to sustain growth.

Additional robots capture environmental and phenotypic
data (Meeussen et al., 2024). One robot is outfitted with
a photosynthetically active radiation (par) meter (Apogee
Instruments, 2025), measuring light intensity across the
growspace (Figure 1). Using additional machine learning
techniques (Riesselman & Meeussen, 2023), we impute
sunlight and LED intensity at 15 minute intervals for each
growing tray throughout its lifecycle. Ambient air temper-
ature and humidity are also recorded at regular intervals
across the growspace.

Phenotypic information is gathered using Intel RealSense
D455 depth cameras (Intel Corporation) mounted on a mo-
bile robotic platform that traverses the growing area daily
(Figure 1). The images are automatically cropped to the
boundaries of individual growing trays, treating each as
a distinct sample. From the depth information, we ex-
tract plant height measurements, summarized as the median
height in centimeters across the growing tray. Additionally,
we featurize the height distribution across the tray by cal-
culating 10 height deciles to capture the variability of plant
canopy composition.

Paired environment and height measurement data are
recorded daily for each growing tray. Environmental data
(E) are summarized by calculating daily minimum, mean,
and maximum values for air temperature and humidity. We
also compute the daily light integral (DLI) separately for
sunlight and LED lighting systems. These environmental
features are paired with the corresponding daily height mea-
surements (/). From transplant O to harvest D, we organize
these observations as sequences E = {eg, e1,...,ep} and
H = {ho,h1,...,hp}. Finally, the mass of harvested leaf
material (mp) is recorded in grams by weighing the grow-
ing tray before and after harvest. This results in 657663
growing days of environmental data, 639352 phenotypic
data points, and 28410 total harvested growing trays.

3.2. Height growth curve

We parameterize plant growth trajectories with a differen-
tiable growth curve by summarizing observed plant height
with two key parameters (Figure 2): seedling lag (5,¢) and
growth rate (B,):

hyg = Ber - softplus(age; — Blag) = Per - In(1 + e(aged_ﬁ‘“g))
(1

Where d € {0, 1, ..., D} indexes the measurement day, age,
is the number of days after transplant, (., represents the
initial lag period during which the plant establishes itself
before detectable vertical growth begins, and 3, determines
the rate of height increase after this establishment phase.
While height accumulation of lettuce and spinach does ulti-
mately plateau, we harvest it before this point.

We regress out the effect of sun elevation on observed plant
height, as it is a significant covariate in observed height
measurements:

h(ciorrected = hd - 6 '“Asun up * hd (2)

Where 3 is a learned parameter and W, up is an indicator
function that equals 1 when the sun is above the horizon.
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3.3. Canopy mass

To estimate canopy mass, we learn a relative canopy density
parameter that relates plant height to mass (Figure 2). Here
we assume the density is the same at any point in its lifecycle,
and that canopy composition is isotropic. Harvested leaf
length [p is calculated by subtracting the cut height ¢ from
the total plant height hp:

lD:hD—C (3)

Cut height c is set per growing tray for desired leaf product
specifications. We predict harvest mass mp as the product
of [p and a learned density parameter Spyss:

mD = lD : /Bmass (4)

This parameterization uses leaf length as a proxy for the
volume of harvestable product, with the density [p,ss only
observed at harvest.

3.4. Parameter estimation

We can directly estimate these parameters individually for
each growing tray when harvested using the collected plant
heights Hy.p, ages of height observations Ag.p and harvest
mass mp:

P(Ho.p,mpl|Ao.p, ) (5
where (ZS = {IBIag7 Bgrz Bmass} and ¢ > 0.

3.5. Deep generative model

While direct parameter estimation at harvest time is straight-
forward, our goal is to predict these parameters in the middle
of a plant’s lifecycle, which in turn can be used to project fu-
ture growth. To accomplish this, we model the relationship
between observed data and growth parameters as a nonlinear
function f with parameters 6:

f9 (gv EO:d7 Ij—’O:d) = [Blag,d; Bgr,d7 ﬁmass,d] = d);l (6)

where ¢ represents genotype information, FEygq =
{eo, €1, ..., eq} represents all environmental observations
up to day d, and Hy.q = {ﬁo,ﬁl, ...,fzd} represents all
height feature observations up to day d. We parameterize
the function fy using a unidirectional LSTM (Hochreiter
& Schmidhuber, 1997; Merrill et al., 2024). All gener-
ated growth parameters ¢’ are constrained to be positive
through a softplus transformation. At each time step d, the
model takes all environmental Ey.; and height feature I}():d
data observed from the beginning of the cycle up to that
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Figure 2. Phenotypic observations and growth parameterization of
a harvested growing tray. ;a4 and g4, map plant age (ageq to
estimated height. Harvest mass mp is estimated from the leaf
length at harvest and Smass-

point; missing height data are masked with zeros (Figure 1).
Growth parameters ¢’ are generated at each step, [¢j...¢}],
conditioned on previously observed environmental, pheno-
typic, and genetic data.

These parameters can then be used to transform plant age
(days after transplant) at time ¢ into predicted height hg;:

ildt = /Bgr,d . SOftpluS(aget - Blag,d) (7)

To predict leaf mass at harvest, we employ a more flexible
vector-based approach to model variable leaf densities along
different sections of the plant:

k

mD = Z(/gmass,d,j : I]) (8)

j=1

Where B0 € R* is a vector of k canopy density pa-
rameters output by the model at day d, and I € {0,1}*
is a vector of indicator variables representing the median
harvested leaf length per tray {4;. This formulation allows
realization of variable canopy density across different sec-
tions of the leaf but allow for variable cut height ¢, which is
not input directly into the model, to prevent overfitting.

Collectively, these components define a model that estimates
the conditional probability distribution:

P(Ho.p,mp|Eo.a, Ho.a, Ao.a; g; 0) 9

where Hy.p represents median plant height and Ho.q repre-
sents height features (height deciles), respectively, for the
entire cycle length, from time 0 to harvest day D. The
model is end-to-end differentiable, optimizing LSTM pa-
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rameters while also enforcing structure and interpretability
in phenotype characterization through ¢'.

3.6. Objective function and training

We implemented our model using a 3 layer residual LSTM
architecture in Pytorch following (Beck et al., 2024). The
LSTM consists of 3 layers with a dropout rate of 0.05. In-
put features from environment, height observations, and
genotype are embedded into a common 128-dimensional
representation space (Appendix).

The overall objective function for our model combines
losses for plant height and harvest mass predictions with reg-
ularization terms that provide disambiguation when limited
observations are available:

L= ﬁheight + Emass + Lprior (10)

Where Lpcight and L are Pseudo-Huber losses (Charbon-
nier et al., 1997) for plant height and harvest mass predic-
tions respectively, and Lo, encompasses four regulariza-
tion terms. We use Pseudo-Huber loss due to its robustness
against outliers in our robot-collected data. The complete
mathematical formulation and hyperparameters of all six
individual loss terms are provided in the Appendix.

We trained the model using the AdamW optimizer
(Loshchilov & Hutter, 2017) with a learning rate of 0.001
and early stopping with a patience of 10 epochs.

4. Experiments

A key operational challenge in hydroponic production is
accurately forecasting harvest mass with sufficient lead time
to meet customer fulfillments. In our system, we need to
predict the harvest mass 5 days in advance of the actual
harvest date to ensure accurate order fulfillment.

For each growing tray in the growspace, we collate all envi-
ronmental and phenotypic data available up until the plan-
ning date, and use these data in conjunction with the geno-
type features to predict plant growth and relative canopy
density parameters. We then project height and harvest
mass 5 days into the future. As a baseline, we compare
the HINTS-predicted harvest height and mass estimates to
those from rolling N-day genotype-specific historic param-
eter averages for fSiug, Ber, and mp for N € {10, 30,90}.
We evaluated the performance of HINTS and each baseline
using 1989 lettuce growing trays harvested in April of 2025.

As shown in Figure 3, HINTS outperforms each of the
N-day rolling average parameter baselines. Specifically,
HINTS outperforms the 10-, 30-, and 90-day baseline pre-
dictions for plant height at harvest by 29.92%, 45.92%,
and 67.37% mean absolute error. It similarly outper-
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Figure 3. Absolute error comparison of HINTS and a baseline
using N-day rolling average parameters. Performance is evaluated
using 1, 989 lettuce growing trays

formed the baseline predictions for harvest mass (g) by
33.93%, 45.99%, and 67.98% respectively. This demon-
strates HINTS’s ability to successfully recover growth dy-
namics and harvest characteristics by combining partial
growth trajectories with environmental features.

5. Conclusion

We present a generative, self-supervised model, HINTS,
that accurately forecasts plant height and harvest mass in a
large-scale hydroponic system by leveraging environmental,
phenotypic, and genotypic data. This approach outperforms
conventional heuristic baselines using rolling averages for
parameters, achieving at least a 29.92% improvement in har-
vest height prediction, and 33.93% harvest mass prediction.
Accurately predicting these phenotypes enables success-
ful production planning while simultaneously minimizing
wasted resources and food.

Importantly, HINTS maintains interpretability through bi-
ologically meaningful parameters (€.g. Bag, Sgr), allowing
operators to reason about predictions and optimize grow-
ing conditions proactively. These findings demonstrate the
utility of combining automated phenotyping with structured
deep learning for controlled environment agriculture.

Impact Statement

This work addresses critical challenges in food security
and climate change by improving our ability to predict and
optimize crop yields in controlled environment agriculture.
Methods herein enable more accurate predictions of plant
growth and resource allocation as well as reduce food waste.
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A. Appendix
A.1. Growspace facility description

The growspace consists of greenhouses outfitted with LEDs, shades, and climate control systems. Growing trays with plants
are organized into a grid and occupy as much growspace real estate as possible. Robots travel beneath the trays: gaps
between columns give space for robot components to be mounted on a frame above the plants. This configuration is built for
in situ robot operations, like imaging, weighing, or environmental sensing.

T
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Figure 4. A view of a hydroponic leafy greens growspace.

A.2. Detailed Loss Function Formulation

The model’s objective function consists of six distinct terms, with loss weights applied to the prior terms as follows:

L= ['height + ['mass +0.01- Eembed +0.1- Ldensity +0.01 - Llag +0.1- Lgrowth (1)

The individual terms are defined as follows:

1. Lheighe is the Pseudo-Huber loss for plant height predictions:

Lheigh = Y Ho, (W™ — ha) 12)
d

with 6, = 3 cm (transition point from quadratic to linear loss)
2. Lpnass is the Pseudo-Huber loss for harvest mass predictions:
Linass = H(Sm (mD - mD) (13)

with §,, = 2 kg
The Pseudo-Huber loss s is defined as:

Hs(w) = 0° ( 1+ (%)2 - 1> (14)

This differentiable approximation of the Huber loss provides robustness against outliers while maintaining differentia-
bility at all points. We use it for both height and mass predictions due to occasional spurious measurements in our
robot-collected data.

3. Liag is the L1 prior loss on the seedling lag parameter:

Liag = |Brag — 12| s)

where [, represents the seedling lag parameter with prior mean 12

7
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4. Lgrowtn is the L1 prior loss on the growth rate parameter:

[fgrowlh = |Bgr - (_05)|

where (g represents the growth rate parameter with prior mean -0.5

5. Lgensity is the L1 prior loss on the canopy density parameter:

Ldensity = ‘5mass -

(=2)|

where (s represents the canopy density parameter with prior mean -2

(16)

7

6. Lembed 18 the L1 regularization on the genotype embedding weights that project the genotype embedding to the hidden

1
Lembed = W Z |Wi7j|
1,J

unit size:

where W is the weight matrix of the genotype embedding layer

(18)

In particular, priors on generated parameters 3, and [,, provide disambiguation when limited height observations are

available, or all zeros.

Parameter Weight Coefficient | Prior Mean | Description
Embedding prior 0.01 0 Genotype embedding regularization
Canopy density prior 0.1 -2 Weight for the canopy density parameter
Seedling lag prior 0.01 12 Weight for the seedling lag parameter
Growth rate prior 0.1 -0.5 Weight for the growth rate parameter

Table 1. Weight coefficients for the L1 priors in the objective function

A.3. Genotype Encoding

Genotype information is included into the model by MD35 hash-based encoding, where each plant variety string is hashed
to produce a stable 16-byte representation. This vector is then normalized to the range [0,1] before being projected to the

model’s embedding space.



