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Abstract

Crops exhibit characteristics such as diverse structures and complex growing
environments. RGB image data can faithfully reflect the texture and color fea-
tures of plants, while 3D point cloud data contains volumetric information of
crops. Integrating RGB images and 3D point cloud data to extract 2D and 3D
phenotypic parameters of crops holds significant importance for methodological
research in phenomics. This study takes potato as the research object, using
an RGB camera and a laser scanner to collect RGB images and 3D laser point
cloud data of 50 potato plants, respectively. The segmentation accuracy of four
deep learning semantic segmentation methods—OCRNet, UpNet, PaNet, and
DeepLab v3+—was compared, and the OCRNet network with higher accuracy
was selected to implement semantic segmentation of potato top-view images.
The Mean shift clustering algorithm workflow was optimized to accomplish in-
dividual plant segmentation of potato laser point clouds, and combined with
Euclidean clustering and K-Means clustering algorithms to accurately segment
stems and leaves of individual potato plant point clouds. Simultaneously, a
strategy utilizing numbering to establish a one-to-one correspondence between
individual potato RGB images and laser point clouds was proposed, and based
on this, 8 2D phenotypic parameters and 10 3D phenotypic parameters were
extracted from the same potato plant from both RGB images and laser point
clouds, including maximum width, perimeter, area, plant height, volume, leaf
length, and leaf width. Finally, three representative and easily measurable
phenotypic parameters—leaf count, plant height, and maximum width—were se-
lected for accuracy evaluation, with Mean Absolute Percentage Error (MAPE)
values of 8.6%, 8.3%, and 6.0%, respectively, Root Mean Square Error (RMSE)
values of 1.371 leaves, 3.2 cm, and 1.86 cm, respectively, and coefficient of
determination R2 values of 0.93, 0.95, and 0.91, respectively. The accuracy
evaluation results demonstrate that the extracted phenotypic parameters can
accurately and efficiently reflect the growth status of potatoes, and that com-
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bining potato RGB image data with 3D laser point cloud data can fully leverage
the advantages of rich texture and color features from RGB images and volumet-
ric information from 3D point clouds, achieving high-precision, non-destructive
extraction of 2D and 3D phenotypic parameters of potato plants. The find-
ings of this study can not only provide important technical support for potato
cultivation and breeding, but also offer strong support for research based on
phenotypic data.
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Abstract

Crops exhibit diverse structural characteristics and complex growth environ-
ments. RGB image data can accurately reflect the texture and color features of
plants, while three-dimensional point cloud data contains volumetric informa-
tion about crops. Combining RGB images and 3D point cloud data enables the
extraction of both two-dimensional and three-dimensional phenotypic parame-
ters, which is of great significance for phenomics research. This study focused on
potato plants, using cameras and laser scanners to collect RGB images and 3D
laser point cloud data, respectively. Four deep learning semantic segmentation
methods were compared, and OCRNet was selected for semantic segmentation
of potato top-view images due to its higher accuracy. The clustering algorithm
workflow was optimized, with Mean Shift completing single-plant segmentation
of potato laser point clouds, while Euclidean clustering and K-Means clustering
algorithms accurately segmented stems and leaves from individual potato plant
point clouds. Additionally, a strategy was proposed to establish a one-to-one
correspondence between individual potato plant images and laser point clouds
using plant numbering. Based on this correspondence, 8 two-dimensional phe-
notypic parameters and 10 three-dimensional phenotypic parameters were ex-
tracted from the same potato plant, including maximum width, perimeter, area,
plant height, volume, leaf length, and leaf width. Finally, three representative
and easily measurable phenotypic parameters—leaf number, plant height, and
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maximum width—were selected for accuracy evaluation. The Mean Absolute
Percentage Error (MAPE) values were 8.6%, 8.3%, and 6.0%, respectively; the
Root Mean Square Error (RMSE) values were 1.371 leaves, 3.2 cm, and 1.86 cm,
respectively; and the coefficients of determination (R?) were 0.93, 0.95, and 0.91,
respectively. The accuracy evaluation results demonstrate that the extracted
phenotypic parameters can accurately and efficiently reflect potato growth sta-
tus. Combining RGB image data with 3D laser point cloud data fully leverages
the advantages of rich texture and color features from images and volumet-
ric information from 3D point clouds, achieving high-precision, non-destructive
extraction of both 2D and 3D phenotypic parameters for potato plants. The re-
search outcomes can provide important technical support for potato cultivation
and breeding, as well as strong support for phenotypic data-based research.

Keywords: LiDAR; multi-source data; clustering segmentation; 3D phenotyp-
ing; OCRNet; laser point cloud; deep learning

1. Introduction

Crop phenotypes are used to quantitatively evaluate various plant traits and are
of great significance for modern agricultural production. Early crop phenotyp-
ing was performed manually—for example, using tape measures for plant height
and water displacement methods for volume measurement. These methods were
not only inefficient but also involved destructive measurements, making contin-
uous monitoring of crop development difficult. Therefore, exploring an efficient,
non-destructive method that can utilize different data sources to obtain plant
phenotypic parameters has become a key research direction in crop phenotyp-
ing. Among various approaches, methods based on RGB images and laser point
clouds have been widely applied.

In high-throughput crop phenotyping, RGB images can reflect plant morphology
while containing rich color and texture features, making them the preferred
data source for phenotypic parameter extraction. Germain et al. distinguished
gray value differences in images to extract wheat ears from 2D images with
good results. Wang et al. used local texture energy filters to obtain corn leaf
edge contours and successfully segmented corn leaves from images. Loresco
et al. employed K-nearest neighbor algorithms to segment lettuce images in
four different color spaces (RGB, CIELab, YCbCr, and HSV), finding that the
CIELab color space provided the best segmentation performance for crop stage
identification in smart farm applications.

In recent years, deep learning has become a popular method for image process-
ing, overcoming the limitations of traditional image processing methods that
require manual feature design and extraction while providing higher accuracy
and universality. Grinblat et al. used Convolutional Neural Networks (CNNs)
to identify and classify leaves of three legume species (white beans, soybeans,
and red beans), achieving an overall accuracy of 96.9%. Lee et al. similarly used
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CNNss to successfully train a model for effectively distinguishing 44 plant species,
with accuracy reaching up to 99.5%. Numerous excellent network models for
pixel-level segmentation and object detection have emerged and been widely
applied in plant phenotyping. Fan et al. deployed the YOLOv4 model on a field
phenotyping robot to measure corn stalk diameter. Wang et al. used transfer
learning and Mask R-CNN models to detect and segment watermelon plants.

Point cloud data has also attracted attention from phenotyping researchers due
to its rich geometric features and minimal environmental influence. There are
two acquisition methods: active 3D measurement (e.g., laser scanning) and
passive 3D measurement (reconstruction from image sequences). Laser point
clouds offer advantages including high efficiency, high precision, and more uni-
form point distribution compared to reconstructed point clouds. Processing
algorithms for point clouds are crucial for extracting crop phenotypic parame-
ters, with segmentation being particularly important. Wang et al. used a Kinect
v2.0 device to extract plant point clouds and applied a concavity-based cluster-
ing segmentation algorithm to complete leaf segmentation for trait measurement.
Yang et al. used a handheld laser scanner to acquire point cloud data of cotton
plants at 12 time points, achieving dynamic measurement of phenotypic param-
eters including plant height, leaf length, leaf width, and volume. These methods
require small data volumes and have simple algorithm structures, making them
widely applicable.

Potato is a versatile crop with high water use efficiency, a long industrial chain,
and large planting area, playing an important role in alleviating food security
pressure. In recent years, potato phenotypic parameter extraction has gradu-
ally attracted attention from domestic researchers. For RGB images, Zhang et
al. improved the YOLOv4 model to achieve recognition and counting of potato
tubers in complex environments. Zhao et al. used the Faster R-CNN network
for potato leaf disease detection. For laser point clouds, Tan et al. used depth
cameras to acquire potato tuber point clouds and obtained 3D positioning of
potato bud eyes.

To combine the advantages of RGB images and laser point clouds, this study
used RGB cameras and laser scanners to collect potato RGB images and point
cloud data, extracting 18 phenotypic parameters from individual plants. The
accuracy evaluation results demonstrate that combining RGB images and laser
point clouds can simultaneously obtain texture and morphological features of
the same potato plant while overcoming the limitations of single data modalities.

2. Materials and Methods

2.1 Technical Route This study used RGB cameras and laser scanners to
collect potato RGB images and point cloud data, establishing a correspondence
between them through plant numbering to extract phenotypic parameters from
individual potato plants. The overall technical workflow is shown in Figure 1
[Figure 1: see original paper].
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2.2 RGB Image and Point Cloud Data Acquisition Potato plants were
potted in a greenhouse at the Huazhong Agricultural University phenotyping
platform in April 2022, with 800 pots (one plant per pot). Data collection began
after growth stabilized. This study collected RGB images and point cloud data
from 50 potato plants for phenotypic parameter extraction. Additionally, 4,000
RGB images were collected from 750 potato plants on May 15 and May 19 for
deep learning semantic segmentation network training.

2.2.1 RGB Image Acquisition Potato growth and development are closely
related to the canopy, which is the primary site for photosynthesis and respi-
ration and directly reflects plant status. Top-view RGB images captured from
above maximize canopy feature acquisition. This study used an automated con-
veying system at the Huazhong Agricultural University crop phenotyping plat-
form to periodically collect images in a darkroom environment [FIGURE:2(a)].
The RGB camera (Basler aca5472, 20 MP) was mounted at the top of the
darkroom [FIGURE:2(b)], 1.5 m above the conveyor line to ensure complete
coverage. The system consisted of three roller conveyors for moving plants into
the darkroom, adjusting position for imaging, and moving them out.

2.2.2 Laser Point Cloud Data Acquisition Laser point cloud data were
collected in groups of 10 plants across 9 stations arranged from low to high [FIG-
URE:2(c)]. To reduce occlusion of stem and lower leaf point clouds, five stations
had laser emitters parallel to the plants (blue squares in [FIGURE:2(d)]), while
four stations were slightly elevated (green squares in [FIGURE:2(d)]). Scan-
ner parameters significantly affect results, requiring experimental optimization
of resolution and quality settings. Using six potato plants, six control groups
with different resolution/quality settings were scanned on the same day. Based
on visual quality, registration accuracy, and time efficiency, a resolution of
1/4$x$976,000 points/s and quality of 4X provided good results with high effi-
ciency.

2.3 Image Semantic Segmentation OCRNet is a semantic segmentation
network based on fully convolutional networks [Figure 3: see original paper]. It
uses object-contextual representation to transform complex pixel classification
into higher-level classification problems, improving accuracy through three steps:
(1) using a backbone network for semantic segmentation to obtain pixel and
category features; (2) expanding category and pixel features into 2D vectors for
fusion; and (3) calculating correlation vectors through self-attention mechanisms
and concatenating them with pixel features to obtain object-category contextual
information. OCRNet concentrates contextual information on objects, reducing
interference and improving pixel classification accuracy, making it particularly
suitable for complex potato RGB images with rich semantic information.

2.4 Point Cloud Segmentation

chinarxiv.org/items/chinaxiv-202305.00189 Machine Translation


https://chinarxiv.org/items/chinaxiv-202305.00189

ChinaRxiv [$X]

2.4.1 Single-Plant Segmentation The Mean Shift algorithm is sensitive to
data density and was optimized for this study. Direct application can misclas-
sify sparse middle regions as separate layers. The optimized workflow projects
point clouds onto the XoY plane parallel to the ground, creating a 2D discrete
point set for clustering before restoring to 3D, avoiding misclassification. This
optimization reduced drift iterations by 45,432 and saved 195,180 ms compared
to the original method.

Mean Shift requires setting an iteration threshold (typically 0.00001) and search
radius. An excessively large radius merges different clusters, while too small a
radius splits clusters incorrectly. Parameter validation experiments determined
that a search radius of 0.08 yielded optimal segmentation results.

2.4.2 Organ Segmentation Accurate leaf and stem segmentation enables
precise extraction of leaf phenotypic parameters without plant destruction.
Potato plants exhibit distinct characteristics: lower growth point leaves are
evenly distributed with large stem-leaf spacing and similar density, while upper
leaves are dense with small spacing and significant noise. Therefore, organ
segmentation was performed in two steps [Figure 5: see original paper]:

Step 1: Euclidean Cluster Extraction Algorithm, sensitive to distance, seg-
mented lower leaves. Parameters include neighbor search radius, minimum clus-
ter points, and maximum cluster points. Minimum/maximum points exclude
noise (maximum > half of total points, minimum < 10%). The neighbor search
radius relates to point cloud density and uniformity. After validation, optimal
parameters were: minimum 1,000 points, maximum 200,000 points, and radius
of 5 mm.

Step 2: K-Means clustering segmented remaining upper leaves from stems.
When leaf density features were obvious, one iteration with K = number of
upper leaves 4+ 1 sufficed. For dense canopies, multiple K-Means iterations were
needed, with K set to remaining leaf count + 1 each time. This study used up
to two K-Means iterations for upper leaf-stem separation.

2.5 Establishing Correspondence Between RGB Images and Laser
Point Clouds RGB images and laser point clouds were collected asyn-
chronously to improve efficiency and flexibility. =~ A numbering strategy
established one-to-one correspondence: RGB images were collected sequentially
by number using the automated system, while point cloud numbers were
extracted through:

1. Color threshold filtering (RGB average in range 140-180) [FIGURE:6(b)]

2. Clustering algorithm to locate number tags [FIGURE:6(c)]

3. Calculating average normal vector of tag point cloud [FIGURE:6(d)]

4. Projecting tag point cloud onto plane perpendicular to average normal
vector [FIGURE:6(e)]
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5. Image processing of 2D projection to extract digital numbers [FIGURE:6(f-

g)]

Traditional binarization uses fixed thresholds and cannot handle uneven illumi-
nation [FIGURE:7(b)]. The Sauvola algorithm was adopted for local adaptive
binarization based on neighborhood gray values and standard deviation, effec-
tively suppressing shadow effects [FIGURE:7(c)]. The dynamic threshold is
calculated as:

z+r/2  y+r/2

mey) =5 S Y. eav(i)

i=x—r/2 j=y—7r/2

z+r/2  y+r/2

sy =yl > O leway(ig) —miry)P

i=x—r/2 j=y—r/2

T(z,y) = m(z,y) x {1+0.1 x (S(gy) 1)]

where 7 is the neighborhood range, R is the dynamic range (128 for 8-bit
grayscale), m(x,y) is the mean gray value, and s(z,y) is the standard devia-
tion.

Deformed number contours during projection were recognized using the classic
MNIST dataset and AlexNet (5 convolutional layers, 3 pooling layers, 3 fully
connected layers with ReLLU activation, Dropout, and local response normaliza-
tion).

2.6 Extraction of Potato Plant Phenotypic Parameters Eighteen phe-
notypic parameters related to canopy, main stem, and leaves were extracted
from corresponding RGB images and laser point clouds:

2D Morphological Features: Canopy Width (CW), Canopy Perimeter (CP),
Canopy Area (CA), Convex Hull Perimeter (CHC), Convex Hull Area (CHA)

2D Texture Features: Mean Intensity (MI), Smoothness (SE), Standard De-
viation (S)

3D Morphological Features: Plant Height (PH), Plant Width (PW), Plant
Depth (PD), Convex Hull Volume (PV), Cylinder Volume (CV), Leaf Number
(LN), Leaf Length (LL), Leaf Width (LW), Leaf Area (LA), Projection Area
(PA)

2D Morphological Features: Extracted from contours [FIGURE:8(a) green
line], convex hulls [FIGURE:8(a) light blue], and circumscribed circles [FIG-
URE:8(a) dark blue] for perimeter, area, convex hull perimeter/area, and max-
imum width.
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2D Texture Features: Calculated using gray-level histograms to reflect rough-
ness, directionality, and regularity:

L-1
M = Zzzp(zz>
i=0

L—1
0%(z) = ) (2, — M)*P(z;)
=0
1
R(z)=1-— m

where L is the gray-level range, z; is the gray value, and P(z;) is the histogram
frequency.

3D Morphological Features: Extracted from minimum bounding boxes
[FIGURE:8(b)], circumscribed cylinders [FIGURE:8(c)], convex hulls [FIG-
URE:8(d)], and XY-plane projections [FIGURE:8(e)]. Leaf length and width
were measured using an approximation method [FIGURE:8(f)]: endpoints A
and B were selected manually with distance L, midpoint C was selected, and
distances D1 (A-C) and D2 (B-C) were calculated. The process iterated until
the deviation between L and (D1+D2) was below threshold d.

Accuracy Evaluation: MAPE, RMSE, and R? were calculated against manual
measurements of leaf number, plant height, and maximum width.

3. Results

3.1 Laser Scanner Parameter Settings Six control groups with different

resolution/quality settings were tested. While 1/2$x976, 000points/sprovidedgoodresults, itsuf fered fromdat
points/s with 4X quality provided optimal density, morphological features, and

efficiency [Figure 9: see original paper].

3.2 RGB Image Semantic Segmentation Four deep learning networks
(OCRNet, DeepLab v3+, UPerNet, PANet) were compared using 1,600 top-
view RGB images (800$x$800 pixels, 1,200 for training/validation, 400 for test-
ing). OCRNet achieved the best performance in mean pixel accuracy and target
pixel accuracy, though slightly lower in MIoU than DeepLab v3+ . By focus-
ing contextual information on objects, OCRNet reduced noise and improved
classification accuracy for complex potato plant structures. It was selected for
subsequent analysis, with segmentation results shown in [Figure 10: see original

paper].

3.3 Plant Point Cloud Segmentation
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3.3.1 Single-Plant Segmentation The optimized Mean Shift algorithm ef-
fectively avoided mis-segmentation [FIGURE:11(a-b)]. Search radius signifi-
cantly affected results: too large caused cluster merging [FIGURE:11(c)], too
small caused over-segmentation [FIGURE:11(d)]. A radius of 0.08 produced
optimal results [FIGURE:11(e-f)].

3.3.2 Organ Segmentation Two-step segmentation was performed [Figure
12: see original paper|. Step 1 using Euclidean clustering with optimal parame-
ters (min 1,000 points, max 200,000 points, 5 mm radius) successfully segmented
lower leaves, leaving only upper leaves connected to stems [FIGURE:12(a)]. Step
2 using K-Means clustering completed the segmentation. For dense canopies,
two K-Means iterations were required [FIGURE:12(e-f)].

3.4 Correspondence Between RGB Images and Laser Point Clouds
Using plant numbering, RGB images were automatically matched to numbers
via the conveying system [FIGURE:13(a)]. Number extraction from point clouds
was implemented on a Windows workstation (Intel Core i7-10750H, 16 GB RAM,
NVIDIA RTX 2060) using Python 3.7, Pytorch 1.7.1, and CUDA 11.1. AlexNet
successfully recognized numbers from projected tag images [FIGURE:13(b-c)].

3.5 Accuracy Evaluation Results Algorithm-extracted values for leaf num-
ber, plant height, and maximum width were compared with manual measure-
ments . Accuracy evaluation showed MAPE of 8.6%, 8.3%, and 6.0%; RMSE of
1.371 leaves, 3.2 cm, and 1.86 cm; and R? of 0.93, 0.95, and 0.91, respectively
[Figure 14: see original paper]. These results demonstrate high accuracy and
validate the feasibility of the proposed method.

4. Conclusion and Outlook

This study explored the feasibility of combining 2D optical imaging and 3D
laser scanning technologies to efficiently extract phenotypic parameters. RGB
cameras and laser scanners were used to obtain top-view RGB images and point
cloud data, enabling extraction of 18 phenotypic parameters from the same
potato plants.

First, an automated conveying system enabled efficient RGB image acquisition,
while experimental optimization determined optimal laser scanner parameters
and station configurations for complete, information-rich point clouds.

Second, a numbering-based correspondence method was developed, allowing
extraction of 18 phenotypic parameters from both RGB images and laser point
clouds. This integration leveraged the advantages of rich texture/color features
from images and volumetric information from point clouds.

Finally, accuracy evaluation of three representative parameters (leaf number,
plant height, maximum width) demonstrated high precision with R? values of
0.93, 0.95, and 0.91, validating the method’ s feasibility and accuracy.
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However, limitations exist: the method focused only on canopy, stem, and leaf
parameters during tuber formation stage, neglecting other organs, tubers, and
growth stages. Future work should collect multi-temporal data of plants, flow-
ers, and tubers for dynamic phenotyping throughout the entire growth cycle.
This multi-source approach can be extended to other crops (corn, wheat, rice)
and integrated with additional sensors (thermal infrared, chlorophyll fluores-
cence, multispectral/hyperspectral imaging) to provide new avenues for crop
phenotypic parameter acquisition.

Conflict of Interest Statement: The authors declare no conflicts of interest.
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