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ABSTRACT Accurate background segmentation in 3D plant phenotyping is crucial for reliable trait
assessment but remains challenging. Current methods are either excessively complex, developed for a
different domain, or lead to data loss (coordinate-based). This paper addresses these issues by introducing
an Al-driven approach using a Multi-Layer Perceptron (MLP) model, leveraging RGB, spatial (XYZ), and
near-infrared (NIR) data to enhance precision. The method was evaluated on high-throughput phenotyping
data, achieving a classification accuracy of 0.9993, significantly reducing false positives and false negatives
compared to coordinate-based segmentation. The proposed approach improved segmentation, particularly
in early growth stages and for prostrate species, where traditional methods often fail. The model’s impact
on leaf area estimation was validated against destructive measurements, demonstrating substantial accuracy
improvements, especially for species with small and prostrate canopies. Additionally, the model exhibited
strong generalization capabilities when applied to an external 3D dataset, confirming its reusability beyond
plant phenotyping tasks. Integrating this simple method into phenotyping pipelines will enhance efficiency
and accuracy in high-throughput trait estimation, supporting advancements in plant science and precision
agriculture.

INDEX TERMS Background segmentation, 3D imaging, point cloud processing, multi-layer perceptron,
machine learning, plant phenotyping, remote sensing, precision agriculture, artificial intelligence.

I. INTRODUCTION

Phenomics, particularly plant phenotyping, is an emerg-
ing research discipline focusing on understanding plant-
based systems’ dynamics. It is frequently aided by
imaging technologies that generate a lot of data, which,
in turn, requires processing using fit-for-purpose compu-
tational methods. The phenomics tasks support a range of
applications in plant-related research disciplines, particu-
larly those requiring high throughput and non-destructive
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plant monitoring — e.g., crop characterization for breeding,
genebanks, agronomy, or basic research of plant-based sys-
tem dynamics (e.g., stress responses to biotic/abiotic stimuli).
Much of such research is done with sensors that capture
2D/3D RGB/multi-/hyper-spectral reflection of the plant
systems (i.e., digital twins). While 2D imaging has been
intensively explored for decades [1], the utilization of infor-
mation from 3D imaging methods (e.g., LIDAR) is lagging
behind, particularly for the new generation of sensors that
also capture color and other information (e.g., near-infrared).
In this paper, we particularly focus on the 3D plant scans.
Those scans usually contain information on the background
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surrounding the plant, such as soil, a growing container,
irrigation tubes, etc. Therefore, this background must be
identified (segmented) and removed for further analysis to
assess the plant characters per se.

Popular methods used to gather 3D data reconstruction are
based on multiple 2D images taken from different positions —
see categorization by [2]. Those systems capture 2D images
of a plant from various angles and process them to create
3D models. The photogrammetry methods usually provide
high-quality models. On the other hand, these systems do
not provide high throughput. This paper primarily focuses
on laser-based scanner data originating from high-throughput
scanners like Phenospex’s (PSX) PlantEye®, used for plant
phenotyping. These types of scanners are usually mounted
on stationary gantries with fixed positions and used for more
accurate evaluation of crops.

Extensive research is being conducted in automotive and
robotics, using mainly LiDAR (Light Detection and Rang-
ing) sensors. In this field, various methods, such as filtering,
have been used to preprocess the raw point cloud data [3].
Ground segmentation in 3D point clouds is also addressed
throughout the literature. Most of the methods were devel-
oped for the automotive LiDAR datasets, e.g., [4], [5], [6],
[71, [8], [9], [10]. Other authors address the area of robotics,
e.g., [11], [12]. In the mentioned studies, LIDAR mainly
captures information about moving scenes where the scanner
and/or objects are not static. Thus, the analytics suitable
for LiDAR image analysis might not fit all 3D data types.
The abovementioned methods consider the ground as a flat
surface that is narrow or tilted. In the plant-systems analy-
sis (e.g., phenotyping), non-flat soil is often surrounded by
additional background data. In plant-system analysis, LIDAR
is frequently mounted on aerial moving vehicles like UAVs,
tractors, or planes. It is used to infer plant canopy traits like
plant height or canopy cover over large areas.

Various methods for background segmentation are suitable
for different types of data — in general, these can be methods
based on thresholding (i.e., height, the color of the individual
points) or methods based on the image features that might
be evolving/considering combinations of point-cloud features
and their hidden patterns. In plant-systems analyses, authors
mostly use direct methods to segment/detect whole plants,
their organs, or roots, e.g., [13], [14], [15], [16], [17]. In our
previous studies [18], [19], we utilized Region Growing
Segmentation (RGS) [20] and Random Sample Consensus
(RANSAC) [21], which are widely recognized and frequently
applied algorithms for background segmentation in the lit-
erature. However, to achieve satisfactory results with these
methods, the structure of our dataset required the sepa-
ration of growing containers based on their mathematical
coordinate information prior to segmenting background and
plant data. Additionally, it was observed that these methods
are not well-suited for scenarios involving small plants or
inclined/wavy soil surfaces.

A typical simplistic segmentation strategy, which is
supported by most preprocessing pipelines, such as
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Phenospex’s Phena, is to divide plant and soil by employing
a specified cutoff height (z-coordinate). The upper portion is
considered plant data, and the lower portion is background.
The cut height is usually set above the rim of the tray to get
rid of the tray points fully. However, as shown in Figure 1,
in certain situations (e.g., early growth stages, prostrate type
of plant canopy architectures), part of the plant is below the
rim of the tray. This cut can lead to data loss. Therefore,
this approach often leads to inaccurate data analyses and trait
estimation. Additionally, the optimal separation height must
be determined for each setup, complicating standardization
and requiring precise repetition across experiments.

FIGURE 1. A scan of a small plant that grows below the rim of the tray.
Traditional coordinate-based soil segmentation would cut the scan above
the rim and lead to significant plant data loss.

In summary, existing algorithms are either very complex,
developed for naturally different data, data-lossy, or too sim-
ple that they need a custom preprocessing setup for each
different experiment type, i.e., setup of different coordinates
for different growing containers, positioning, etc. The pre-
sented paper focuses on plant scans in 3D point clouds
obtained by high-throughput phenotyping platforms. In par-
ticular, we use data from Phenospex’s PlanEye F600 scanning
technology [22] and the installation in Hyderabad, India [23].
While the platform was validated and is being deployed for
a range of end-uses [23], [24], [25], some of the uses are
currently constrained by the accuracy of the plant feature
inference algorithms. As illustrated in FIGURE 1, this static
method causes substantial data loss, leading to inaccuracies
in the plant trait assessment.

The presented research aims to address two current gaps —
an accuracy for a wide range of data while maintaining
the necessary performance for high-throughput systems. The
main objective of this paper is to provide an Al-driven method
for segmenting the background from the plant data points for
a wide range of species. This method can be used during data
preprocessing before other analytical algorithms provided
by phenotyping platforms. Moreover, the proposed method
addresses the limitations of traditional lossy threshold-based
segmentation methods. Additionally, we evaluate the effi-
ciency in several ways, i.e., Al model evaluation using a test
set, point counts comparison to the coordinate-based method,
canopy trait inference using destructive measurement, and
finally, a generalization capacity using an external, different-
domain data set.

Il. MATERIALS AND METHODS
This section describes the methodology used for back-
ground segmentation in 3D plant point clouds. It covers data
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acquisition using a high-throughput scanning platform, pre-
processing steps to rotate the raw scans, manual annotation
for ground truth generation, dataset partitioning for model
training, and model performance and accuracy evaluation.
The entire workflow is summarized in FIGURE 2.
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FIGURE 2. Visualization of the whole methodology. We used the data
from Phenospex’s PlantEye scanner, ran preprocessing, developed a
classification model, and evaluated it in different manners. The figure
shows individual steps (referenced by section numbers) and paths for
different data visualized by colors. The colors, together with the source
data, are referred to in TABLE 1.
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A. DATA COLLECTION

The data used in this study were generated using a LeasyScan
platform (ICRISAT, Hyderabad, India; Facilities & Services —
GEMS, details in [23]), using PlantEye F600, a 3D scanner
with multispectral imaging (PlantEye F600 multispectral 3D
scanner for plants - PHENOSPEX). LeasyScan uses a dual
scanning system (2 partially overlapping scanners capture the
same area, mounted on the construction shown in FIGURE 3)
to capture the 3D reflection of the target area and the capac-
ity to scan an area of ~2500m? in 1h30min. As shown in
FIGURE 3, the scanned area was equipped with the contain-
ers in which the crops were raised. In our study, we used a
setup of microplots, each consisting of 40 x 60x60 cm blue
plastic trays (blue containers in FIGURE 3) with ~ 70 kg
of vertisol equipped with drip irrigation tubes. The scanning
area was configured to capture the area delineated by individ-
ual microplots up to 1.5m from the ground via HortControl
software. The area is divided into sectors that contain a certain
number of microplots (24 divided into two rows for this
study). The sectors are marked by physical barcodes that are
recognized by the scanners. Finally, each scan consists of two
separate *.ply files angled towards each other that cover one
sector.
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FIGURE 3. The LeasyScan high-throughput phenotyping platform was
used to gather the data. The picture shows the dual position (twice two
complementary, partially overlapping scanners capture the same area).
The mounted scanners are moving over the field to capture the data
(~2,500m2 area in 90 minutes).

In this study, we used scans from 4 crop species with
different growth habits and canopy architectures (two cere-
als — pearl millet and sorghum, and two legumes — chickpea
and mungbean). The crops were sown throughout March-
April 2022 and raised with the standard fertilizer inputs
under irrigated conditions (every 2-3 days). Each crop was
sown in multiple microplots. Altogether, we used scans
from 6 different experiments to train the background seg-
mentation algorithms and evaluate plant canopies inference
from 3D point clouds, where the canopies’ total leaf area
(LA) from multiple plants in each microplot was measured
destructively (Table 1). Each sector’s total leaf area variabil-
ity was created for the latter by i) different crop densities
(2-6 plants/microplot) and ii) sequential crop harvests at four
different dates. At these dates, the total crop in each microplot
was harvested, and the leaf area was measured destructively
by Li-Cor 4100. Altogether, we gathered 275 destructive LA
measurements.

B. DATA PREPROCESSING

We used the raw scans obtained from the scanners. The
whole preprocessing is visualized in FIGURE 4. Here, the
first step involves rotating the scans to align them flat on
the x-plane. Both scans are merged into a single file in
the second step. This merging process increases the point
cloud density in the overlapping areas scanned by both
scanners. Therefore, the third step involves a voxelization
process (dividing the 3D space into small cubes called voxels,
each producing a point cloud value representing all points
within it) to rearrange the points in space uniformly. The
efficiency of the voxelization has been proven by, e.g., [26],
[27], [28]. In this study, for instance, voxelization reduced
the number of points in a single scan from 16,735,700
to 2,677,885. This step is performed by a bespoke ver-
sion of Phenospex’s Phena v2 pipeline, which the vendor
customized for us to ensure backward compatibility with
their systems.
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TABLE 1. Overview of the unique experiments, sectors (identified by their
barcode numbers), and a number of scanned microplots used throughout
the paper for model training and evaluations. The colored arrows
correspond to the arrows in FIGURE 2.

Used for Specie Experiment  Barcode = Number of
IDs IDs microplots
Al model Pearl 50,51 28,96 96
training > millet
Sorghum 48 84 48
Chickpea 57 83, 84, 216
86
Mungbean 59 79-92 336
Leaf Area Pearl 56 178, 60
trait millet 179, 180
evaluation
(destructive Sorghum 56 154, 72
measurement) 176,177
Chickpea 56 125, 72
126, 127
Mungbean 56 151, 72
152,153
Point counts Chickpea 57 80 24

on daily scans
>

After the scanning process, specific points may be consid-
ered outlier values, where the color values differ significantly
from the others. Since the developed AI model uses color
values, plant, soil, and tray color values must be consistent
within themselves. For this purpose, a smoothing process
(4™ step) was applied to eliminate outlier color values in
some points. In this process, each point takes the average
color value of the n nearest points. In the cropped voxelized
leaf section shown in FIGURE 4, there are approximately
1000 points. Based on this density, the value of N has been
set to 250 in this study. In the zoomed-in view of the cropped
leaf area in FIGURE 4, the color values of the points before
and after the smoothing process are given, demonstrating
how the smoothing process ensures that the points on the
same leaf have similar color values. This approach is consis-
tent with previous studies, where smoothing techniques have
been utilized to reduce noise and irregularities in point cloud
color values, improving both visual consistency and feature
reliability [29], [30].

C. DATA ANNOTATION AND SPLIT

The plant and background regions were manually marked and
separated using Cloud Compare (version 2.10). The anno-
tated sector is depicted in FIGURE 5. This process involved
precisely defining the plant’s boundaries and background
data. Regions identified as plant data were labeled and stored
separately from the background data. In instances where
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FIGURE 4. Preprocessing steps of the raw scan files to extract only plant
data for individual microplots.

certain regions could not be distinguished, these ambiguous
areas were excluded from the dataset to avoid model con-
fusion. This process was performed for each plant species
and all sectors. In total, we used 696 microplots, as depicted
in TABLE 1.

FIGURE 5. The top image (a) shows the manually separated plant data,
while the bottom image (b) shows the background data.

Following the annotation process, the dataset was ran-
domly split into three subsets for use in the AI model:
60% for training, 20% for validation, and 20% for testing.
These scans, detailed in Table 1, were selected based on the
following criteria to ensure a balanced and representative
dataset. Since there was an unequal number of available scans
for each plant species, fewer files were included for some
species, such as sorghum and pearl millet. Additionally, given
the differing growth rates of each plant species, scans were
typically chosen a few days before harvest, as this period
often provides the most representative plant structure for
segmentation tasks. For species with fewer available scans,
additional files were selected from earlier time points within
the same experiment to enhance diversity and representation.
These selections were made by considering factors such as
plant species, the number of available scans, and growth
rates, ensuring a dataset that reflects the variability of plant
development.

D. Al MODEL DEVELOPMENT

The experiments were conducted using artificial neural
networks, specifically a Multi-Layer Perceptron (MLP)
model. Keras hyperparameter tuning was configured using
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Bayesian Optimization, with a maximum of 500 trials to
search the hyperparameter space efficiently. The hyperparam-
eters considered are presented in TABLE 2. Due to the binary
classification task, the output layer consisted of a single neu-
ron responsible for the final prediction (plant/background).
The maximum number of epochs was set to 50, and an
early stopping method was employed to prevent overfitting
and improve generalization. The early stopping was based
on validation loss, with a patience period of 2 epochs. The
model training was performed separately for three input point
data: RGB, RGB+XYZ, and RGB+XYZ+NIR (where RGB
represents color channels, XYZ corresponds to 3D positional
coordinates, and NIR indicates near-infrared value).

TABLE 2. Range of the hyperparameters used by Keras tuner during the
model development.

Hyperparameter Range of Possible Values (well
known)

Number of hidden layers 1to3

Neurons per hidden layer [10, 20, 50]

Activation function
Optimizer
Input data

Relu, Sigmoid, Tanh

SGD, RMSProp, ADAM
RGB, RGB XYZ, RGB NIR
XYZ

E. MODEL EVALUATION

The performance of the developed model was evaluated from
three perspectives. First, the performance of the MLP model
using the annotated point clouds as ground truth; second,
the impact of the segmentation on Leaf Area trait estimation
using ground truth gathered by the destructive measurement
method; third, we provide a comparison using an external
data set.

1) MODEL EVALUATION ON ANNOTATED DATASET

For the first case — the performance of the MLP model,
we used mainly two well-known metrics: Accuracy (number
of correct predictions divided by the total number of predic-
tions) and Confusion matrix (a table displaying the ground
truth versus predicted classifications). We also provide Preci-
sion and Recall calculated from the latter one. The evaluation
used the test set defined in II-C Data annotation and split.
We also evaluate the impact of the smoothing process by com-
paring it to the model trained without this preprocessing step.

2) EVALUATION OF THE IMPACT ON LEAF AREA TRAIT
ESTIMATION

For the second case, we used the data that were scanned
and harvested for the destructive measurements (ground
truth). The data origins are visualized using orange arrows
in TABLE 1 and FIGURE 2. In FIGURE 2 there are three
paths. The darker one is for the ground truth. Light one as
follows: 1) we ran the preprocessing; 2) we ran the model
inference for each datapoint to classify it to separate plant
and background data (shown at the top of FIGURE 4); 3) the
plant data were then sliced up based on the fixed coordinates
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to get individual microplot data, as illustrated on the left side
of FIGURE 6; 4) we predicted the Leaf Area trait using the
customized version of Phena provided by Phenospex. For the
middle orange, the whole Phena pipeline was used, utilizing
the coordinate-based segmentation method. However, as we
used the version of the Phena pipeline that is not yet in pro-
duction, we preprocessed the scans using voxel resolutions
from 0.55 to 0.65 in both paths.

O e ERRG AR
e m e ha B

FIGURE 6. Separated background and plant data by the model.
Background data are shown in the top half. On the left bottom side, the
zoomed-in points show the plant data belonging to a single microplot
separated from the full sector scan on the right side. Similarly, the data of
all microplots are separated from each other and saved as a separate file
for evaluation.

Finally, we compared the leaf area trait measured by the
destructive method on each microplot to the estimations
computed by the Phena pipeline (using coordinate-based
segmentation) and our proposed method (Al-based seg-
mentation). The comparison was evaluated using standard,
well-known metrics, particularly R? and root mean square
error (RMSE). These metrics were calculated for all the
voxel resolutions (0.55 to 0.65). Because of the inherent
differences between the canopy structures of different crop
species and related bias in the destructive measurement of
the ground truth, we provide evaluation separately for cereals
(pearl millet, sorghum), broad-leaf legumes (mungbean), and
narrow-leaf legumes (chickpea).

3) COMPARISON OF THE NUMBER OF PLANT POINTS ON
DAILY SCANS

The trained Al model was additionally tested on everyday
scans throughout the growing period using a previously
unseen chickpea setup (Experiment 57, barcode No. 80). The
segmentation was performed using both methods. The scan
files were segmented using both methods from the initial
sowing day to harvest. The point cloud counts of the separated
plant data were recorded for each day. For the coordinate-
based method, the segmentation threshold was manually
tuned and set at the most precise z-coordinate of 118, cor-
responding to the microplot’s optimal segmentation height.

4) EVALUATION USING AN EXTERNAL DATASET

To show the generalization capacity and effectiveness of the
proposed model, we provide an additional evaluation using a
dataset from a different domain (adaptability to domain shift).
The model was retrained using the 3D Paris-Lille dataset col-
lected by [31] from the streets of Paris and Lille. This dataset
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encompasses three point cloud files: Lillel.ply, Lille2.ply,
Paris.ply, and 50 distinct classes. The original dataset publica-
tion did not provide a baseline classification result; however,
in subsequent studies, the results obtained with this dataset
have been assessed in different ways. For instance, in the
study by Diaz et al. (2021), they trained their model on a
dataset they created themselves and used the 3D Paris-Lille
dataset solely to evaluate the model’s performance. While
Diaz et al., in the original study, specify that they used 7 data
files for training and 3D Paris-Lille data files for testing, these
training datasets were not available in their shared GitHub
repository. Therefore, we divided the dataset into 80% for
training and validation and 20% for testing to align with our
study’s needs. In our case, we trained our model from scratch
using this training data.

This approach allowed us to proceed with model evalua-
tion, but complicated a direct comparison with the accuracy
values reported in their study. While applying the pipeline to
this dataset, we only modified the input data to align with
the dataset’s characteristics. Then, the dataset was processed.
Considering these limitations, we evaluated the model’s per-
formance by examining the average accuracy instead of
directly comparing our results with those of [32].

Ill. RESULTS

A. FINAL MODEL

The optimal model configuration consists of three hid-
den layers: 10 units in the first layer and 50 units in
both the second and third layers, all using the ReLU
activation function. The output layer used the sigmoid acti-
vation function, which is suitable for binary classification.
The model was trained using the Adam optimizer with
binary cross-entropy as the loss function. This configuration,
derived from the RGB+XYZ-+NIR dataset, demonstrated
the best performance. The model’s architecture is visual-
ized in FIGURE 7. The final trained model and the source
code (preprocessing and model) can be found in a pub-
lic GitHub repository (https://github.com/serkankartal/MLP-
3D-PlantSeg). The repository also contains instructions on
how to train the model for custom data.

Optimizing the model with Keras Tuner (for 500 trials) on
an NVIDIA A4500 GPU took approximately 10 hours for
each dataset. For the soil segmentation task, the trained model
processes one point at a time to classify it as plant or back-
ground data. As the model is relatively simple, the execution
time for one-point prediction is usually in milliseconds, based
on the hardware used. Inference of a single scan file (whole
sector), including preprocessing, takes about 2 minutes on
average, with most time spent on preprocessing rather than
the AI model.

B. MODEL EVALUATION ON ANNOTATED DATASET

Two widely recognized metrics were used to evaluate the
model’s performance on the annotated dataset: the Confu-
sion Matrix and Accuracy. The assessment used a test set
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FIGURE 7. The architecture of the MLP (Multi-Layer Perceptron) model
used for background segmentation. The input consists of eight neurons
representing three RGB channels, one NIR channel, and spatial
information (XYZ). After three hidden layers, one output layer represents
the final category - background/plant.

comprising 20% of the manually annotated scans. The best
model configurations identified during the hyperparameter
tuning process were evaluated. TABLE 3 shows a comparison
of the models using different input point data.

TABLE 3. Confusion matrices and accuracies to compare various variants
of models - input data. The color shades graphically show the
differences - the lighter color represents smaller values.

M Ground Truth

poi:ll:) ;;ta Accuracy 0 ! Model

Unsng)othe 18,202,033 169 835 0
d RGB +
XYZ + 0.9899 98,471 8,072,451 1
NIR

RGB 0.9958 18,233,465 44,276 0
67039 [ 8198010 1
RGB + 18,247,405 41,614 0
NIR 50,646 1
RGB + 0
XYZ 1
RGB + 0
XYZ + 1

NIR

All the models consistently demonstrated high classifica-
tion accuracy, with performance exceeding 99% in each case.
Although the differences in accuracy between the different
inputs were minimal, a closer look at the confusion matrices
reveals that the spatial point data (XYZ) and near-infrared
spectra (NIR) provided significant information to the model.
For example, the false positives decreased significantly from
67,039 in the RGB model to 7,005 in the RGB+XYZ+NIR
model, while false negatives dropped from 44,276 to 11,159.
This additional input point data improved accuracy and
enhanced precision by reducing misclassifications. There-
fore, the model trained on the RGB+XYZ-+NIR dataset was
selected for further use in this study.
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TABLE 3 also shows the specific impact of the smoothing
preprocessing step. We evaluated the best model trained on
unsmoothed RGB + XYZ 4 NIR input point data. This
model produced 98,471 false positives and 169,835 false neg-
atives. The accuracy dropped to 0.9899. This sharp contrast in
performance indicates that the lack of smoothing introduced
substantial noise into the classification process, leading to a
much higher rate of misclassifications. Thus, the smoothing
process reduced outlier effects by averaging the color values
of neighboring points.

C. EVALUATION OF THE IMPACT ON LEAF AREA TRAIT
ESTIMATION

For the second evaluation, we used the destructively mea-
sured dataset, as defined in TABLE 3, to compare the
estimation of the Leaf Area trait. FIGURE 8 presents the
resulting metrics (MAPE and R?) of selected voxel resolution
values. We picked 0.60 as the preprocessing value for each
species for the model development, the best value for our Al-
based method, and the best value for the coordinate-based
method. Results for all species and resolutions can be seen
in the supplementary file LA_results.xlsx.

When the results for Mungbean, Pearl millet, and sorghum
are examined, it is observed that the error rates in the leaf area
indices obtained using the Al-based method we proposed and
the traditional method are close to each other (difference to
coordinate-based method in RZ ~0.1-0.2). The main reason is
that these three species grow relatively quickly above the tray
rim. This fact significantly affects the results. Nevertheless,
the predictions made with the Al-based method still provide
better results (except for mungbean).

However, when the metric values obtained for the chickpea
are examined, it is seen that the Al-based method shows
higher differences. For example, at a resolution of 0.62, the
R2 value for the Al-based method is 11.35% higher than
the best value for the Coordinate-based method at 0.65. This
difference demonstrates an improvement in prediction accu-
racy for the Al-based method, especially when dealing with
smaller plants like chickpeas.

A visual comparison of the segmented points is also
provided in FIGURE 8. As seen in the figure, the points
highlighted in red at the bottom of the image represent
the additional plant data selected by the Al-based method,
i.e., the points that could be segmented from within the tray.
This visualization clearly demonstrates the source of the extra
plant data obtained by our proposed Al-based method.

D. COMPARISON OF THE NUMBER OF PLANT POINTS
ON DAILY SCANS

The comparison of the point counts is detailed in FIGURE 9.
In the early growth stages, when chickpea plants emerged and
remained confined within the microplot, the coordinate-based
method inaccurately classified barcode and noise data above
the microplot as plant data, leading to a count of 6,228
points instead of 0. On Day 9, the Al-based method identified
1,100,423 plant points, while the coordinate-based method
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FIGURE 8. Results of Leaf Area trait evaluation using mean absolute
percentage error (MAPE) and R2. We show only specific resolution values,
particularly 0.60, used in Al-based method development, the best value
for model inference, and the best value for the coordinate-based method.
Below, there is a visualization of the difference using both methods for
segmenting plants. The plants were scanned on the 22"d day from
sowing. The red part represents points below the tray rim that are not
segmented by the coordinate-based method.

identified 994,136 points, resulting in a 10.7% increase in
plant data segmentation. On Day 11, this difference was
even more pronounced, with the Al-based method identify-
ing 846,792 points compared to 719,871 points segmented
by the coordinate-based method, a 17.6% increase. Simi-
larly, on Day 20, the Al-based method segmented 2,463,856
points compared to 2,367,033 points by the coordinate-based
method, representing a 4.1% improvement. A decrease in
the number of segmented points was caused by the thin-
ning process performed on Days 10 and 11, which removed
excess plants.

The coordinate-based method in the early growth stages,
when plants have not yet grown above the tray rim, cap-
tures noisy data, such as that of irrigation pipes. Thus,
the number of points does not differ from the Al-based
method or is even higher for the coordinate-based method.
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FIGURE 9. Comparison of both segmentation methods in daily plant
point cloud counts using an independent chickpea experiment. On day
10, the decrease in count is caused by the manual thinning process,
which removes excess plants. The reason for the difference is illustrated
in FIGURE.

The Al-based method, on the other side, accurately seg-
mented only the plant data inside the microplot. This
highlights the Al-based method’s capability to distinguish
plant data from background and noise without relying on
thresholds or manual adjustments. Such precision is partic-
ularly crucial for early-stage plant monitoring, where the
traditional methods often fail to detect significant portions of
plant data within the microplot.

E. EVALUATION USING THE EXTERNAL DATASET

The results obtained and reported on our pipeline are
derived exclusively from the test dataset (as defined in sect-
ion II-E-II)). The proposed pipeline achieved an average
accuracy of 0.98, which is similar to the 0.97 accuracy
reported for the entire dataset. Additionally, the result of the
separation performed by the model on the Paris Street data
is illustrated in FIGURE 10. In this figure, the blue regions
represent background data, while the red areas denote other
data (trees, cars, streetlights, etc.). The visual analysis effec-
tively showcases the model’s success in separating the ground
from non-ground elements, highlighting the robustness and
versatility of the Al-based pipeline across various datasets.

FIGURE 10. The visualization at the top shows the classified data of the
original dataset. In contrast, the image at the bottom shows the dataset
processed by our model into two categories (ground and non-ground)
according to the format suitable for our study.

IV. DISCUSSION

A. SEGMENTATION FOR PLANT PHENOMIC TASKS

The findings of this study highlight key challenges in 3D
plant phenotyping related to background segmentation in
point cloud data obtained from high-throughput laser-based
scanners. Traditional segmentation methods rely on height
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coordinates. Those methods often result in significant data
loss, particularly for early-stage plants or prostrate canopy
architectures. Additionally, commonly used algorithms like
Region Growing Segmentation (RGS) and Random Sample
Consensus (RANSAC) may not generalize well across dif-
ferent experimental setups.

Existing solutions in automotive and robotics applica-
tions [4], [5], [6], [7], [8], [9], [10], [11], [12] focus on flat
surfaces and dynamic environments. This makes them less
suitable for plant phenotyping. In such contexts, soil surfaces
are often uneven, and additional background noise is present..

Computer vision-based methods, e.g., [13], [14], [15],[16],
are very complex and rely on labor-intensive annotation.
Training those models requires more and wider input data
and computational power. Simple models, as the presented
MLP-based, usually better adapt to concept drifts and data
domain shifts, as shown in 3-E. Moreover, the model clas-
sifies one point at a time. Adapting it to different scanner
types (e.g., UAV-based, LiDAR-based, photogrammetry-
based, NERF-based) should be smoother.

B. SIGNIFICANCE OF THE RESULTS

This study presents an Al-driven segmentation method
designed to improve the accuracy of traditional coordinate-
based segmentation methods while addressing the above-
mentioned issues. The proposed method has been rigorously
evaluated through AI model performance metrics, com-
parison with coordinate-based segmentation, canopy trait
inference, and external dataset validation. The results demon-
strate its potential to enhance plant feature extraction in
phenotyping workflows.

We have shown the results of a simple MLP-based
model. The RGB+XYZ+NIR input point data configuration
achieved a classification accuracy of 0.9993, with only 7,005
false positives (points) and 11,159 false negatives, signif-
icantly outperforming more straightforward configurations.
This result highlights the importance of integrating spatial
and spectral data to enhance model precision and reliability.
Besides the segmentation model, we also implemented a pre-
processing step, smoothing to reduce noise and irregularities
in point cloud color values. The smoothing step improved
the model’s accuracy by 0.0094%, reducing 87,312 false
positives and 158,676 false negatives.

The method’s impact on the accuracy of crops’ leaf area
estimation was evident. The accuracy of the algorithms
presented for leaf area estimation in crops such as pearl
millet and mungbean was comparable to that of the tradi-
tional coordinate-based method. This is because these crop
seedlings grow rapidly in a vertical direction above the
tray rim into the space where coordinate-based algorithms
capture the canopy. In smaller crop species with prostrate
growth habits, such as chickpeas, there were significant
improvements in accuracy in capturing the canopy area.
For chickpeas, the hereby proposed method achieved an
R? value 0.1135 higher than the coordinate-based approach.
The model segmented 7% more plant data that were below
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the tray rim. Such a magnitude of differences in canopy
size for small and prostrate crops like chickpeas is impor-
tant for crops’ capacity to adapt to abiotic stresses like
drought [25], [33]. This indicates the hereby presented
method significantly improves crop evaluation on PSX’s plat-
forms, such as LeasyScan, particularly the ones with small
and prostrate canopy structures. This was demonstrated in
the case of chickpeas. Finally, we expect that the accuracy
gains can be even higher for crops like peanuts or wild crop
relatives.

C. SOURCE CODE AND HOW TO USE THE MODEL

The hereby reported algorithm is available on the
GitHub repository (https://github.com/serkankartal/MLP-
3D-PlantSeg). The model is simple to reuse, retrain, or fine-
tune for similar types of data. Instructions are in the repository
README file, including the specific information for users
with data from Phenospex’s PlantEye scanner. We aim for
a dynamic, continuous, feedback-based future development.
Any feedback is welcome by e-mail to the corresponding
author or via Issues on the GitHub platform, where everyone
can see answers.

D. GENERALIZATION CAPACITY

The model also demonstrated its generalization capacity
when tested on an external source of 3D point cloud data
— the Paris-Lille 3D dataset by [31]. It achieved an accu-
racy of 0.98, which is similar to the 0.97 reported by [32].
This evaluation needed model retraining as the external
dataset represents a different and broader range of data (trees,
streets, sidewalks, traffic signs, lightning, etc.). Despite the
retraining need, the results confirm the robustness and adapt-
ability of the proposed model to diverse datasets. This makes
it suitable for applications beyond agriculture/phenomics.
The model, in general, can be used for any 3D point
cloud data.

E. LIMITATIONS AND FURTHER IMPROVEMENTS

While the proposed method shows substantial accuracy (see
section C) and reasonable performance, certain limitations
remain. Although we selected species to cover a wide range
of crop canopy types (grain legumes and cereals), the model
was trained and evaluated on a limited number of species.
Additional improvements to robustify and generalize the
model, especially for more species, canopy types, and differ-
ent types of trays, can be performed to transfer the method
into the production-ready phase. Specifically, further reso-
lution (voxel sizes) optimization for specific (small-sized,
prostrate) crop types or growth stages could enhance accu-
racy. Using additional training data with more diverse crop
types (e.g., peanut or wild crop progenitors) might improve
the model’s generalization capacity.

V. CONCLUSION
This study presents a novel Al-driven (MLP-based) method
for background segmentation in 3D plant phenotyping
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that addresses the limitations of traditional coordinate-
based methods. Using a Multi-Layer Perceptron with inte-
grated RGB, spatial (XYZ), and near-infrared (NIR) inputs,
our approach achieves a classification accuracy of 0.9993.

We innovatively used the smoothing process in the pre-
processing stage, effectively reducing noise by averaging
color values across neighboring points (accuracy increased
by 0.0094). This enhancement, combined with integrating
spatial and spectral data, leads to a more reliable separation
of plant and background regions, particularly for small or
prostrate species where a particular part of the plant is below
the growing tray.

The improved segmentation accuracy directly benefits trait
estimation; for example, our method increased the R? value
by 0.114% in chickpea crops and captured an additional
7.01% of plant data compared to the traditional coordinate-
based method. We also showed the model’s ability to adapt
to domain shift by retraining using the external dataset, con-
firming its generalization capacity.

Overall, this paper offers an efficient novel method usable
for automating plant trait analysis in high-throughput pheno-
typing. The complete model and code are available in our
public GitHub repository for possible feedback and future
development.
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