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A B S T R A C T

Synchrony between nutrient supply and plant demand is a key performance indicator of enhanced efficiency 
fertilisers (EEF’s). This study sought to develop a high throughput technique for rapid, non-destructive plant 
biomass measurements. In three experiments, a 3D camera mounted on a robotic gantry scanned pots weekly. A 
deep learning neural network (RandLA-net) was trained with colour point cloud (PCD) data to isolate a single 
central plant from partly overlapping adjacent plants and infrastructure (overall testing accuracy of 0.93 and 
mean intersection over union, IOU, of 0.90). Segmented voxel counts were strongly related to above ground dry 
matter (R2 = 0.87; P < 2.2e-16), and key statistics related to nutrient synchrony, for example inflection point of 
the logistic growth curve, were successfully measured. The high-throughput technique allowed rapid evaluation 
of fertiliser treatment performance and relative nutrient synchrony over time. Optimisation of the approach can 
be achieved by careful model plant selection, limiting target nutrient applications to less than that required for 
growth to plateau, and including a maximal productivity reference.

Introduction

The value of synchronising nutrient availability with plant re
quirements is evident. Precise application of fertiliser nutrients at time 
points synchronised with crop demand can substantially decrease sys
tem losses and increase nutrient use efficiency [1,2]. While incremental 
in-season fertiliser additions are unlikely to be applicable to all mech
anised production systems [3], formulation of EEF’s may provide similar 
benefits [3–5].

Therefore, a key performance indicator of EEF’s is their ability to 
sparingly meet the target plant’s nutrient demand throughout the 
growing season. This implies that an efficient and realistic means of 
measuring nutrient delivery throughout the growing season is required. 
One method, release of nutrients from EEF’s into water, though widely 
assessed by materials experts [6,7], is poorly related to agronomic 
performance and nutrient losses [8]. Another approach previously 
employed has been the use of sequential pasture cuts, a labour intensive 
process, limited to providing uptake data points on a two to three week 
frequency with attendant analysis delays [3].

Significant success has been achieved using above ground biomass 
measurement via three dimensional imagery (3D) to identify relative 
differences between the performance of different EEF formulations 

compared to conventional fertilisers [8]. Scanning in 3D was chosen for 
this work, rather than calculation from two dimensional images, to 
provide an effective means of calculating the size of plant when the 
upper canopy tends to obscure lower stems and leaves from a single 
camera position. In their study, Redding et al. [8] resorted to a classical 
artificial intelligence technique (Kth-nearest neighbour clustering) 
based on voxel colour (specified as hue, saturation, and value) and 
elevation. This provided estimates of dry matter production with an R2 

of 79 % (P < 2.2 × 10–16). Assessment of each of these scans was an 
investment of at least several hours of work.

To enable scanning and calculation of relative plant growth and EEF 
performance to be completed on a daily basis, a more rapid, fully 
automated approach is required. Machine learning approaches are 
widely used to process two-dimensional data. However, 3D approaches 
pose significant additional challenges, and methods to process this data 
are currently less mature. A specific issue related to 3D data sets is the 
indeterminate dimensions and point density of point clouds, which 
require special methods and different models compared to two dimen
sional data [9].

However, despite the challenges of dealing with 3D point cloud data 
(PCD’s), PCD’s have already been used in plant phenotyping via manual 
and classical artificial intelligence methods [10,11]. Deep learning 
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approaches to plant phenotyping centred around projection or 
point-based methods have also recently been progressing [10,12]. This 
includes the recent proof of concept application of the PointNet++

model to deep semantic segmentation of leaves applied to an artificial 
data-set [13].

Heiwolt et al. [13] were motivated to develop a deep learning 
approach to phenotyping by the dependence of existing artificial intel
ligence plant phenotyping methods on hand crafted filters and artifi
cially controlled environments – which lack generalisability or 
adaptability. Our experience suggests that these same criticism and 
drawbacks also apply to above ground biomass measurement in the 
semi-controlled environment of a growth accelerator.

However, rapid scanning to assess above soil biomass in a plant 
accelerator presents a different requirement to that of phenotyping. 
Plant structure is not as critical as recognising (segmenting) and 
counting the above ground biomass. While this is in some ways a less 
demanding task, ideally it is completed without physically separating 
the individual plants for scanning. Instead, a camera traverses the 
densely packed growth accelerator, producing a large volume of data, 
daily.

Our hypothesis was that we could use an inexpensive 3D camera 
combined with open-source 3D deep learning libraries and an existing 
neural architecture to accurately provide automated real-time plant 
growth measurement. Assessment of the literature surrounding this 
subject suggests that there are no other existing approaches published, 
and that the application to the extensive scans we have collected and the 
labelled training data from real plants is novel.

Materials and methods

Data collection and preprocessing

Data sets were collected during two growth accelerator experiments 
providing two harvests of bok choy and two of pak choy plants (Brassica 
rapa subsp. chinensis) grown on two different soils, and a third 

experiment using perpetual spinach (Beta vulgaris subsp. cicla var. cicla). 
Each of these experiments consisted of replicated Controls (basal nu
trients but no nitrogen addition) and a range of treatments (basal nu
trients plus various forms of nitrogen additions, each at the same 
nitrogen rate). Experiment 3 differed from the other two pot experi
ments, in that a maximum potential dry matter treatment (Potential) 
was also included. The Potential treatment used the same basal addi
tions, but repeated applications of nitrogen as conventional fertiliser, to 
remove all nutrient limitations. Water, light, temperature, and basal 
nutrient additions were supplied at optimum rates.

The robotic growth accelerator used to collect this data has previ
ously been described [8], with the modification that the camera 
employed is now an Intel Realsense D415 3D camera (Intel Corporation, 
Santa Clara, CA, USA; https://www.intelrealsense.com/). The process of 
data acquisition employed following camera depth, pose, and lens 
calibration involves the camera being transported by the robotic gantry 
to 362 positions (the camera trajectory) and a point cloud and 
two-dimensional image being collected from each (Fig. 1). Accuracy of 
the camera trajectory is ensured through real-time feedback from linear 
encoders and correction using reference point detection, enabling tra
jectory coordinates with repeatability of better than 0.2 mm. During 
plant growth and scanning, temperature was maintained at 25 ◦C and 
humidity was controlled via air-conditioning and the continuous oper
ation of a de-humidifier (De Longhi Tasciugo Ariadry) to maintain 50 % 
relative humidity. Plants were watered 2 h before scanning to ensure full 
plant turgor. Lighting was mounted to the gantry, adjacent to the camera 
(0.4 m above the pots), and consisted of six ILS ILH–ON01 white (5700 
K) light emitting diodes each driven at 12.25 W (www.i-led.co.uk). 
During scanning, all grow-lights were de-activated, with the 
gantry-mounted lights becoming the only source of illumination.

Training and validation of the RandLA-net model

The RandLA-Net model was selected due to its demonstrated per
formance relative to other point cloud segmentation models [9], 

Fig. 1. Data acquisition using the previously described robotic growth accelerator [8]. https://BioRender.com/q42n516.
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particularly its ability to efficiently process large point clouds with 
limited computational resources. This efficiency is achieved through 
subsampling large point clouds while preserving feature detail via a 
local feature aggregation module. While our original point clouds may 
have around 1 000 000 points, sub-sampling decreased this size to 45, 
056 points via the local feature aggregation approach.

Model training focussed on selecting only the vegetation of the 
central plant (a limited instance segmentation task) from each image 
containing multiple pots, multiple plants, and growth accelerator 
infrastructure (e.g. shelving, framework, plumbing, and wiring).

The initial general data set was composed of around 840 PCD files, 
each image a registered composite of multiple camera poses of a group 
of pots (each around 3 to 20 MB), and with each point labelled (0: 
background, including pots, adjacent plants, shelving etc.; 1: central 
plant vegetation). Images from 7 scanning events were used, collected 
during the initial two growth accelerator experiments at a range of 
growth and seedling stages (15/12/2021, 17/12/2021, 20/12/2021, 
24/2/2022, 27/7/2022, 15/8/2022, 7/11/2022), in two different soils, 
with two different plant varieties. A custom program was written using 
the Open3d [14] and python programming language [15] to facilitate 
the labelling task.

This data set was randomly divided into training (70 % of images), 
validation (15 %), and test (15 %) sub-sets. Training was then completed 
using the framework provided by the machine learning extension to 
Open3d (Open3D-ML release 0.17; [14]), building a custom data loader 
for PCD’s based on the examples provided. The RandLA-net 3D seg
mentation deep neural network [9] was randomly initialised, and 
trained on the data using PyTorch tensor processing [16] in conjunction 
with Graphics Processing Unit (GPU) exploitation via CUDA (Nvidia 
[17]). This software was run on an Ubuntu PC (version 20.04.6 LTS) 
equipped with an Nvidia 3090TI GPU (www.nvidia.com), and i7 central 
processing unit (www.intel.com) and 128 GB of random access memory.

In addition to the 3D coordinates, we exploit four data features of 
each point for their inference value: the distance from the centre of the 
central pot in the image (in the x-y plane), and the colour value of each 
point (red, green, blue). Up to 200 training epochs were allowed for 
convergence. Image batch size was adjusted in initial testing to ensure 
the GPU was operating just below its maximal memory capacity. Infer
ence was conducted on the independent validation set at the end of each 
training epoch and performance statistics collected (weighted cross- 
entropy loss [loss], Intersection Over Union for each class [IoU], over
all Intersection Over Union, and overall accuracy). Intersection over 

Fig. 2. Summary of the algorithm used to inference the data for an individual pot on a shelf with many other, to calculate its above ground plant matter. https://Bio 
Render.com/q42n516.
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union is calculated as follows: 

IoU =
Area of intersection

Ground truth area + Predicted area − Area of intersection
(1) 

A fine-tuning data set was subsequently prepared from 1035 PCD 
images with a larger weighting to background and pot infrastructure 
points (collected over about the same period of time as the general 
composite set) when it became evident that this approach was better 
suited to the likely deployment requirements for the growth accelerator 
(Fig. 2). These images were subjected to the identical training process 
described for the general dataset, however, the learning rate was 
decreased.

An additional fine tuning was completed using 240 images from 
scans of the third plant variety (’Perpetual Spinach’, Beta vulgaris subsp. 
cicla var. cicla; images collected from 4 scanning events, 24/4/2024, 14/ 
5/2024, 16/5/2024, and 21/5/2024) to prepare a suitable model to 
conduct inference on the third pot trial.

The inference and vegetation measurement pipeline

The scanning process involves collection of 362 over-lapping PCD’s 
from a gantry moving across a matrix of x-y coordinates to scan a 1 m X 5 
m shelf of up to 120 pots. Accordingly, given a pot-centre x-y coordinate, 
the vegetation measurement pipeline determines how many images 
have good coverage of the plant at this pot coordinate (usually about 12 
images), registers (aligns) each plant image to the others and returns a 
composite point cloud, then inferences this composite to extract only the 
central plant (a partial instance segmentation task). The voxel count of 
the central plant is then determined. The algorithm implemented is fully 
represented diagrammatically (Fig. 2). The computation overhead of the 
point cloud registration task is decreased by limiting registration to z- 
axis translations (scipy minimise function applied to the sum of dis
tances between points; [18]), a simplification made possible given the 
high degree of location accuracy of the camera pose determined by the 
gantry movement and the almost complete overlap of the images. 
However, approximate global registration followed by more precise 

iterative closest point registration is also effective though it is more 
computationally complex

Plant growth comparisons

Plant harvests were compared to prior voxel counts. In addition, 
since the proposed advantage of this technique is the non-destructive 
comparison of plant development given different treatments, several 
comparison approaches were demonstrated.

Firstly, plant voxel profiles over time were compared by fitting the 
logistic curve, identifying differences in the logistic parameters for 
different treatments. Secondly, a comparison approach is demonstrated 
designed to separate treatment effects from some of the limitations of 
the pot growth approach.

The latter method seeks to use the Control and a maximal production 
treatment (Potential), in this case with repeated additions of nutrients to 
achieve optimal growth conditions, as references against which the 
performance of a treatment is compared at a given day: 

Proportion of potential =
(VoxTreat − VoxControl)

(VoxMax − VoxControl)
(2) 

where VoxTreat and VoxControl are the voxel counts for a given day of the 
treatment and the control respectively; and VoxMax is the maximum 
overall voxel counts of the Potential comparison.

Statistics

In addition to the evaluation of the validation set each epoch, and the 
test dataset with the final model, the relationship between plant voxel 
count and plant above ground dry matter was determined via regression 
analysis grouped by experiment and harvest using R [19]. Residuals 
were tested for normality via the Shapiro Wilke test, and a square root 
transformation applied to the dependent variable where required to 
achieve normality. The growth profile of the plants (determined from 
voxel counts) over time was fit via non-linear least-squares regression 
(nls function) and the self-starting logistic function (SSlogis) using R. 

Fig. 3. Training and validation statistics for the training and fine-tuning of the model.
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Initial parameter estimates were determined using the R function 
getInitial.

Results

The general data set was used to train the model using a learning rate 
of 0.00005, with the model parameters from epoch 45 being selected to 
avoid the over-training indicated by the rise in validation loss (Fig. 3). 
Fine tuning of this model applied a learning rate of 0.000025, with the 
105th epoch parameter values being selected as training loss for the 
validation set rose after this point. Application of the fine-tuned model 
to the independent test data set indicated an overall testing accuracy of 
0.933 and mean IOU of 0.903, and adequate segmentation of the central 

plant from other plant material and infrastructure (Fig. 4).
Grouped regression of the square root of above ground dry matter 

versus plant voxel counts for the four harvests provided a very good 
linear fit both where different intercepts were allowed for different 
harvests (R2 = 0.865, P < 2.2e-16; Fig. 5), and where both slopes and 
intercepts were allowed to independently vary (R2 = 0.854, P < 2.2e- 
16).

Plant development over time (represented as segmented plant vox
els) tended to be well-represented by the logistic curve (Fig. 6), with 
parameter values, such as the inflection point and upper asymptote, 
varying with the treatments applied.

Plant scan data from the third experiment was fitted with logistic 
curves for the Control, Potential, and Treatments 1 and 2 (Fig. 7A). Eq. 

Fig. 4. Three challenging segmentation examples rendered in two dimensions (A,B,C). The cylindrical PCD region on the left is the original, while that on the right 
has segmented the central plant, while eliminating overlapping plants. Some errors are evident, but the performance is generally adequate (for these three images, 
accuracy = 0.939, and mean IOU = 0.889). The central plant in each cylindrical PCD is signified by superimposed axes.
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(1) was applied to this data to enable the time profile of nutrient delivery 
relative to the two references (Control and Potential) to be displayed 
(Fig. 7B).

The automated processing of 362 PCD’s from a single scan (seg
menting 120 pots), consumed about 102 min, with each individual PCD 
inference using the RandLA-net model consuming about 0.7 s. Profiling 
the code for the registration, inference (Fig. 2), and treatment voxel 
counting portion of the pipeline suggests that the inferencing step con
sumes about 26 % of the execution time. Labelling 100 PCD’s to create a 
fine-tuning data set requires about 10 h of staff labour.

Discussion

The observed training statistics were acceptable (Fig. 3). The inclu
sion of the data features (red, green, blue, and distance from the centre) 
enabled sufficiently accurate segmentation of the central plant instance 
(Fig. 4) to successfully validate the relationship versus harvest data 
(Fig. 5). The model and pipeline performed adequately to characterise 
growth over time and discern differences between treatments, with a 
demonstrated ability to fit logistic growth curves to the measured plant 
data (Fig. 6). The technique also enables key statistics related to the time 
profile of nutrient delivery of plants to be measured (e.g. the days to the 
inflection point of the logistic curve).

Therefore, the technique is suitable for the investigation of nutrient 
delivery synchronisation with the plant nutrient demand. The study 
described here applied the techniques to nitrogen delivery from various 
fertiliser forms. However, it could be applied to another nutrient of 
interest.

To optimise the technique for synchronisation investigations, a clear 
understanding of the demand profile of the target plant is required. The 
most appropriate model plant in nutrient uptake synchronisation 
studies, as described here, may not be the target plant for the economic 
application of the fertiliser. The model plant should exhibit a maturation 

period that exceeds the key synchronization period of the target plant – 
or at least long enough to show an improvement relative to conventional 
fertilisers.

The inclusion of maximum potential treatments in experiment 3 
enabled better evaluation of synchronisation and the effective nutrient 
supply profile of a treatment (Fig. 7). Other treatments should then aim 
to limit supply so that plant growth does not reach this potential, is non- 
asymptotic throughout the experiment, and unlimited by phenotype and 
the experimental system. For example, nutrient applications rates could 
be selected to achieve two-thirds of the uptake: 

NTreat ≈
2
3

(AsymPotential − AsymControl), (3) 

where, NTreat is the nutrient application rate, AsymPotential and AsymControl 
are the nutrient uptake at the asymptote for the Potential treatment and 
the Control respectively.

This deep learning approach to processing the PCD’s allows a 
considerable improvement to data analysis throughput. Previously the 
use of K-nearest neighbour clustering techniques required around 2 h to 
process each full shelf scan (120 pots; as completed previously for [8]), 
with full attention from a staff member to conduct this work. Allowing 
10 h to prepare a fine-tuning data set for an experiment, the deep 
learning approach only requires 18 % as much staff time per experiment 
(28 scans). With the modestly specified computer applied in this case, 
inferencing each scan of 362 images was complete within about 36 min.

In many ways the research question this technique can answer is a 
simpler one than is answered by artificial intelligence phenotyping 
techniques (e.g. [10]). Given the environmental threats posed by the 
poor efficiency of conventional fertilisers [20], and the economic impact 
of wasted nutrients, a technique to improve research throughput in 
nutrient supply synchronisation studies is of significant value.

The current data acquisition and inference pipeline measures a sur
rogate of dry matter production. Our current research focus is to extend 

Fig. 5. The relationship between above ground dry matter and segmented voxels determined at harvest.
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Fig. 6. Example growth profiles of above ground plant size versus days growth (experiment 2). Statistics of the presented logistic fits are included on each facet 
(mean ± standard error, P < 0.001 for all parameter estimates; Root Mean Square Error, RMSE, is marked on each panel), demonstrating the capacity to differentiate 
statistically between the time profiles of treatments.
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the sensing capabilities to enable measurements of above ground 
biomass nitrogen content.
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