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Abstract: Crop phenotype detection is a precise way to understand and predict the growth
of horticultural seedlings in the smart agriculture era to increase the cost-effectiveness
and energy efficiency of agricultural production. Crop phenotype detection requires the
consideration of plant stature and agricultural devices, like robots and autonomous vehicles,
in smart greenhouse ecosystems. However, collecting the imaging dataset is a challenge
facing the deep learning detection of plant phenotype given the dynamic changes among
leaves and the temporospatial limits of camara sampling. To address this issue, digital
cousin is an improvement on digital twins that can be used to create virtual entities of
plants through the creation of dynamic 3D structures and plant attributes using RGB image
datasets in a simulation environment, using the principles of the variations and interactions
of plants in the physical world. Thus, this work presents a two-phase method to obtain
the phenotype of horticultural seedling growth. In the first phase, 3D Gaussian splatting is
selected to reconstruct and store the 3D model of the plant with 7000 and 30,000 training
rounds, enabling the capture of RGB images and the detection of the phenotypes of the
seedlings, overcoming temporal and spatial limitations. In the second phase, an improved
YOLOv8 model is created to segment and measure the seedlings, and it is modified by
adding the LADH, SPPELAN, and Focaler-ECIoU modules. Compared with the original
YOLOv8, the precision of our model is 91%, and the loss metric is lower by approximately
0.24. Moreover, a case study of watermelon seedings is examined, and the results of the 3D
reconstruction of the seedlings show that our model outperforms classical segmentation
algorithms on the main metrics, achieving a 91.0% mAP50 (B) and a 91.3% mAP50 (M).

Keywords: smart agriculture; digital cousin; plant phenotype; 3D reconstruction; image
segmentation

1. Introduction
Crop phenotype detection is widely used to digitally and precisely identify and

predict the growth status of a crop, especial for horticultural seedlings in smart farming
scenarios. As a key step in crop phenotype detection, the collection of datasets of crop
images mainly relies on manual mobile shooting and fixed monitoring equipment, such
as fixed-point cameras, but these methods are often affected by spatial and temporal
limitations and cannot comprehensively cover the whole crop growth process [1]. For
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example, in the field of factory planting, traditional methods cannot take continuous,
multiangle photos of seedlings at different growth stages and under different environmental
conditions, thus making it difficult to obtain comprehensive data [2]. In actual production,
phenotypic detection is an important indicator of crop growth and health [3]. In the process
of phenotypic detection, in order to obtain detailed textural and structural information
on plants from all angles and to improve the efficiency of plant phenotype measurements,
researchers have often used 3D reconstruction detection [4]. And, technology for plant
detection and segmentation was successfully developed for crop seeding reconstruction
via machine learning [5]. A large number of images are often used in this process, which
puts high demands on the size of the datasets. Meanwhile, in order to facilitate analysis,
researchers have tended to perform the semantic segmentation of images to extract the
required seedling images from the complex background. While the current mainstream
semantic segmentation techniques tend to focus only on the segmentation features at
specific growth stages of the crop (e.g., seedling or maturity stage, usually 2–3 days), the
features (e.g., shape, color, and size) of the target objects (e.g., seedlings and branches)
remain relatively stable over a short period of time. However, the morphology of a crop
changes extremely rapidly during the early stages of growth, for example, in the case of
watermelon seedlings, whose germination stage lasts 6–11 days, and its different parts
(e.g., leaves and shoots) undergo significant changes in shape, size, count, and texture
as displayed by the 3D cloud points with the application of Mask-CNN [6]. These rapid
changes make it difficult to accurately classify specific targets, and frequent model iterations
are required if the entire process of crop growth is to be analyzed. This not only requires
a huge number of datasets but also places extreme demands on the training speed of the
models used for semantic segmentation.

In order to solve the problem caused by insufficient datasets, simulation–real hybrid
data integration consisting of physical and virtual data is a new trend [7]. With the help of
digital cousin technology [8], the 3D reconstruction of crops can be achieved by simulating
different lighting conditions and physical environments in virtual environments, which
further enriches the dataset and improves the accuracy of the analysis. Traditional 3D
reconstruction algorithms can be categorized into active and passive methods according to
whether the light source actively illuminates the object or not to be captured by a sensor [9].
Active reconstruction methods mainly include the structured light method [10], time-of-
flight (TOF) method [11], and triangulation method [12]. Although the structured light
method and triangulation method have high accuracy in 3D reconstruction at close range,
they are susceptible to interference by ambient light and are not effective in long-distance
reconstruction. The time-of-flight (TOF) method maintains high accuracy at long distances,
but its high cost and low resolution limit its application range. Passive reconstruction
methods are divided into multiocular visual reconstruction [13] and monocular visual
reconstruction [14]. The multiocular visual reconstruction method uses multiple cameras,
which can improve the accuracy of reconstruction to a certain extent, but it also increases
its computation amount and cost. Although monocular vision is the least expensive and
requires the smallest amount of computation, in the actual reconstruction process, it often
requires a large number of multiangle images to complete the reconstruction of a scene,
which is more demanding on the dataset [15]. Moreover, as an efficient method of 3D recon-
struction and rendering for such sim–real hybrid imaging datasets, 3D Gaussian splatting
achieves the real-time rendering of the radiation field and enables SOTA-level visualization
in a short period of time [16]. This opens up new possibilities for the production of mixed
reality and virtual reality datasets. By taking dozens of crop photos, the operator can obtain
very-high-quality 3D images in about 30 min. Once a high-fidelity 3D model of the plant
is obtained, the dataset can be extended by introducing simulated environmental factors
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(e.g., natural light, greenhouse conditions, and other external variations) to improve the
accuracy of the phenotypic measurements.

In terms of semantic segmentation of images, traditional image segmentation methods
based on computer vision have been widely used to obtain phenotypic seedling data, but
they often require a large number of cumbersome parameter adjustments in the recognition
and segmentation processes. In addition, the segmentation effect may be greatly reduced
when dealing with more complex scenes or in high-light environments [17]. In contrast,
the emergence of deep learning techniques has revolutionized image segmentation and
has attracted the attention of an increasing number of researchers. Deep learning methods
can automatically learn features from large amounts of data through end-to-end learning
and automatically adjust parameters to accurately and quickly recognize images [18]. In
addition, these techniques outperform traditional computer vision techniques in terms
of segmentation accuracy and adaptive capability. After the earliest end-to-end deep
learning segmentation networks, PointNet [19] and PointNet++ [20], were proposed, a large
number of deep-learning-based segmentation methods have emerged, having increasing
segmentation effectiveness and accuracy. Majeed et al. developed a method for segmenting
tree trunks and branches using the Kinect V2 sensor and deep-learning-based semantic
segmentation techniques. The potential of deep-learning-based semantic segmentation was
demonstrated in an orchard environment [21]. Chen et al. achieved the fast and accurate
detection of color changes in melons based on YOLOv8 [22]. Han et al. used a deep-
learning-based point cloud processing method for seedling segmentation and occluded
leaf recovery [23].

In addition, to the best of our knowledge from reviews of the literature, models for
optimizing horticultural seedling recognition and segmentation based on digital cousin
are lacking. There are two major contributions in this paper. Firstly, we introduced the
3D Gaussian splatting technique for the reconstruction of horticultural seedlings, like
watermelon seedlings, and obtained sufficient seedling phenotypic data by simulating
morning, midday, and evening environmental and lighting conditions, as well as simulating
different lighting effects in greenhouse cultivation environments. We ultimately sliced the
three-bit watermelon seedling models from different angles and orientations. Secondly,
to analyze the whole process of crop growth, an improved on YOLOv8 was proposed to
identify and segment seedlings. To better adapt to the characteristics of the seedlings, we
added the SPPELAN module to YOLOv8 by replacing the original detection head with the
LADH detection head and improved the loss function to Focaler-ECIoU.

2. Materials and Methods
2.1. Overall Process from Creation of Mixed Real–Virtual Datasets to Semantic Segmentation

The overall workflow of our method can be described in three phases of real–virtual–
real. In the first phase, we converted the real dataset into a 3D model in a virtual scene by
means of monocular visual reconstruction, as shown in Figure 1a. In all deep learning train-
ing processes, using more datasets often means higher accuracy and generalization ability.
So, to further supplement the dataset, in the second phase, we changed the environmental
conditions of the 3D-reconstructed model by using different light sources to simulate the
plant model under different environmental parameters. By slicing the new model, a set of
sliced images of the model under different lighting conditions was generated, as shown
in Figure 1b. The images obtained with this method can not only be used to supplement
the dataset for YOLO training as well as improve the accuracy and generalization of the
segmentation model but also provide a priori conditions for measuring the phenotypes
of plants under different light conditions. Finally, we input all the images into the deep
learning algorithm model to complete the training, as shown in Figure 1c. COLMAP is
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a SOTA structure-from-motion (SfM) and MVS pipeline that converts multiple input 2D
images into 3D point cloud models [24]. In this experiment, we chose the 3D Gaussian
splatting method to construct the 3D model and used the improved YOLOv8 model for
the semantic segmentation of images. In order to test the modeling quality of 3D Gaussian
splatting under different lighting conditions, we did not use the photos formed by slicing
after virtual lighting as the dataset during the actual experiment, but used the model
directly on the photos collected of the seedlings in the real world as the dataset. The PSNR
(peak signal-to-noise ratio) was used as a metric to test the construction of all models.
Finally, we selected 450 images of seedlings under three light intensities in a 1:1:1 ratio as
the YOLO dataset and input them into our improved YOLOv8 model to test the ability of
the method.
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Figure 1. Overall flow chart. (a) Real datasets used to generate seedling digital twin models;
(b) constructing virtual environments, modeling seedling digital cousins, and generating virtual
datasets; (c) inputting mixed real–virtual datasets into the modified YOLOv8 model to produce
phenotype detection images.

2.2. Data Preparation
2.2.1. Image Acquisition

The experimental data were collected at the Central China Sub-center of the National
Vegetable Improvement Base (NVIB), where watermelon seedlings were photographed
from 6 May 2024 to 13 May 2024 and from 15 May 2024 to 22 May 2024. Twelve groups
of watermelon seedling beds with growth durations ranging from 2 to 10 days were
collected. The watermelon seedling observation units were 70 cm long, 35 cm wide, and
3 cm high, and each observation unit contained a total of 50 watermelon seedling culture
compartments, where single watermelon seedlings were placed in culture compartments
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under typical soil cultivation methods. In the construction of the 3D Gaussian splatting
dataset, in order to simulate the real working conditions of plant phenotyping and to ensure
the reliability of the experimental data, all the images we collected were captured by the
mobile device, Redmi K50, described in Table 1 via random surround shooting. For the
construction of the YOLO dataset, we used different shooting techniques to capture images
by controlling the distance (0.2–0.5 m), tilt angle (30–90◦), and lighting conditions (strong
light, night light, normal light). A total of 450 images were captured during the seedling
emergence phase.

Table 1. Mobile device parameters.

Parameter Value

Resolution 4624 × 3472
Flash bulb none

Storage space 256 GB
Weight 210 g

Battery capacity 4700 mAh

2.2.2. Generation of Point Cloud Datasets for 3D Gaussian Splatting

(1) Retrieval Matching

After obtaining the dataset, COLMAP expresses each image in the dataset as
I = {Ii|i = 1 . . . NI} and outputs Fi =

{(
xj, f j

)
,
∣∣j = 1 . . . N

}
, where xj denotes the

position of the feature in the image, and f j denotes the corresponding descriptor of
the local features. Next, COLMAP starts to look for images with the same scene
among all the images, outputs the possible matching image pairs, and expresses them
as C = {{Ia, Ib}|Ia, Ib ∈ I , a < b}; the result of the feature matching is expressed as
Mab ∈ Fa ×Fb. The matching image pairs obtained in the previous IoU step are then
examined using geometric methods using the singular response matrix homograph H,
which describes the variation between matched pairs of points in a plane. The essential
matrix E and fundamental matrix F are used to describe the relationship between matched
points using pairwise polar geometry. RANSAC robust estimation method is applied to
reduce the effect of outliers. Finally, the validated photo pairs C, the passed matching
results Mab, and the correlation of the matching results Gab are output.

(2) Incremental Reconstruction

In this process as shown in Figure 2, COLMAP first searches for a pair of images with
the most geometrically consistent matches to obtain two initial keyframes for constructing
a high-quality initialization. Then, it solves the PnP problem to obtain the interframe
motion and triangulates the reconstructed points to extend the scene step by step. Finally,
a nonlinear bundle adjustment method is used to optimize the camera position Pc and
waypoint Xk to generate the final sparse point cloud. The optimized reprojection error is
shown in Equation (1):

E = ∑
j

ρj

(∣∣ ∣∣π(Pc, Xk)− xj
∣∣ ∣∣2

2

)
(1)

The objective function is minimized as shown in Equation (2):

J = ∑i,j wij ∥ pj − π
(

Pi, Xj
)
∥2 (2)
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Figure 2. Converting seedling images into sparse 3D point clouds using COLMAP.

2.3. Building 3D Scenes with 3D Gaussian Splatting

Three-dimensional Gaussian splatting first initializes the SfM point cloud obtained
from COLMAP to create 3D Gaussian spheres; then, using camera externals, the points are
projected onto the image plane, followed by microscopic rasterization and rendering to
generate the image. After obtaining the rendered image, it is compared with the ground
truth image for loss and backpropagated along the blue arrow. In this case, the rendering
optimization involves both under-reconstruction and reconstruction transitions. For under-
reconstructed Gaussian points, the cloning of Gaussian points is achieved by creating copies
of the same size and moving them in the direction of the position gradient; for reconstructed
transition Gaussian points, the density control of the point cloud is accomplished by
replacing the over-reconstructed Gaussian points with two new Gaussian values and
initializing the position with the original Gaussian points. The up-pointing blue arrows
indicate the update of the parameters in the 3D Gaussian, and down-pointing arrows
indicate feeding into the adaptive density control to update the point cloud. Two trained
3D scenes are obtained after 7000 and 30,000 rounds of training. The overall flow is shown
in Figure 3.
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to obtain high-quality seedling models.

The 3D Gaussian mathematical expression is shown in Equation (3), and each 3D
Gaussian point presents an ellipsoid shape, with the shape determined by the covariance
matrix Σ. Its main parameters are the position, covariance matrix, opacity α, and spherical
harmonic function. The position is the location and coordinates of the point, as well as the
mean value of the 3D Gaussian; the covariance matrix determines the shape and orientation
of the Gaussian point; the opacity α is used for real-time rendering in case of splatting; and
the spherical harmonic function is used to fit the appearance related to the viewing angle.
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Each of these parameters can be updated during iterative optimization and can be used to
project onto the image using splatting very quickly conduct opacity fusion.

p(x) = |A|
(2Π)

3
2

exp
(
− 1

2 (x − µ)TATA(x − µ)
)

= |A|

|∑|
1
2 (2Π)

3
2

exp
(
− 1

2 (x − µ)T ∑t−1(x − µ)
) (3)

The position of a given pixel x and the depth data of the Gaussian can be computed by
looking at the transformation matrix W to form a sorted list of Gaussians N . Then, alpha
synthesis is used to calculate the final color of that pixel, as shown in Equation (4):

C = ∑i∈N cia′
i∏i−1

j=1

(
1 − a′

j
)

(4)

where ci is the learned color, and the final opacity a′
i is the result of multiplication of the

learned opacity ai and Gaussian value, as shown in Equation (5):

a′i = ai∗exp
(
−1

2
(
x′ − u′

i
)T ∑t−1(x′ − u′

i
))

(5)

where x′ and u′
i are the coordinates of the three Gaussian points in the projection space.

The rendering optimization is mainly adaptive density control for 3D GS with both under-
reconstruction and reconstruction transitions. For the under-reconstructed Gaussian points,
cloning of Gaussian points is achieved by creating copies of the same size and moving
them in the direction of the position gradient; for the reconstructed transition Gaussian
points, the over-reconstructed Gaussian points are replaced with two new Gaussian values,
and the position is initialized by the original Gaussian points, thus completing the density
control of the point cloud.

2.4. Implementation of YOLOv8 Improvements
2.4.1. Improving the Detection Model of YOLOv8

In the original YOLOv8 algorithm, for detecting small targets such as watermelon
seedlings, the coupling head uses the same convolutional layers for classification and
regression. This leads to different foci for classification and regression, which results
in a decrease in the detection accuracy of the YOLOv8 model. Moreover, in order to
continuously detect seedling growth, different segmentation models need to be used at
different stages of seedling growth, which puts high demands on the speed of the model
training process. In order to improve the training speed and reduce the computation
amount, we introduced SPPELAN, which is a combination of SPP (spatial pyramid pooling)
and ELAN, making full use of SPP’s spatial pyramid pooling ability and ELAN’s efficient
feature aggregation ability. This algorithm reduces the number of channels, which reduces
the amount of computation and increases the inference speed. This further improves
the performance of the model. In addition, to improve the prediction frame adjustment
and to speed up the frame regression rate, we introduce the efficient Focaler CIoU loss
function. This method focuses on different regression samples through linear interval
mapping, resulting in faster convergence and better localization for watermelon seedling
detection. Overall, we improved the YOLOv8 detection model by introducing the LADH
detection head, the SPPELAN deep learning network structure, and the efficient Focaler
CIoU loss function.
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2.4.2. LADH Detection Head

The original YOLOv8 detector uses a traditional symmetrical multistage compression
structure, i.e., each detector head has the same compression ratio. However, in practice,
there are differences in complexity between different object classes, e.g., the identifica-
tion of watermelon seedlings is affected by the size and shape of the seedlings as well
as by weather and light conditions. Therefore, we proposed an asymmetric multistage
compression method, i.e., different compression ratios are used for different categories of
detection heads. This can better accommodate different classes of feature representations
and target size distributions as well as improve the generalization ability of the detector. To
achieve asymmetric multilevel compression, we designed the LADH detector head, which
is a lightweight structure consisting of depth-separable convolutions. LADH consists of
two main components: the asymmetric head and the dual head. The asymmetric head is
responsible for the asymmetric compression of different classes of features to accommodate
the complexity of different classes. The dual head combines the outputs of the two asym-
metric heads to produce the final object detection result. By using the LADH detection
head, we can classify and recognize seedlings under different conditions, greatly improving
the recognition performance and increasing the recognition accuracy. This is achieved by
removing one Conv module and adding two layers of DWConv modules between the Conv
module and conv2d module of the detector head branch of the original YOLOv8 network
structure, after which the original structure is moved backward. The Conv module of the
lower branch is replaced with the conv2d module in order to form an asymmetric head
and a double head, as shown in Figure 4.
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The asymmetric head is responsible for the asymmetric compression of different
classes of features, and the dual head combines the outputs of the two asymmetric heads
and simultaneously compresses two depth-separated convolutional features along the
channel dimensions to generate the final target detection results. The regression part
uses convolution to extend the perceptual field and the number of parameters for the
watermelon seedling detection task. At the same time, both features of the two depth-
separable convolutions are compressed along the channel dimension. This approach
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not only effectively alleviates the training difficulties associated with the watermelon
seedling scoring task and improves the model performance but also significantly reduces
the parameters and GFLOPs of the decoupling head module, which significantly improve
the inference speed. Takin the watermelon seedling detection results as an example,
we employed a breakthrough lightweight asymmetric detection head that reduces the
computational complexity and significantly improves the inference speed of YOLOv8.
This innovative utilization marks a significant milestone in the development of YOLOv8,
resulting in improved efficiency and accelerated performance.

2.4.3. SPPELAN

SPP (spatial pyramid pooling) is a pooling strategy introduced in YOLOv3 [25], which
is able to capture spatial information at different scales and enhance the robustness of
the model. However, SPP is computationally intensive and is obviously inefficient in
the task of watermelon seedling detection using a large data volume, which affects the
inference speed of the model. To address this problem, we introduced an innovative
technique called SPPELAN (spatial pyramid pooling enhanced with ELAN), which is a
combination of SPP and ELAN, to enhance watermelon seedling detection by combining
the strengths of both. By combining SPP with ELAN, we can make full use of the spatial
pyramid pooling capability of SPP and the efficient feature aggregation capability of ELAN
to further improve the performance of the model. We achieve this by replacing Conv, the
first and sixth layer convolutional blocks of SPPF in the original YOLOv8, with the more
efficient CBS, adjusting the number of channels per scale feature map and changing the
number of channels in the pooling layer to reduce the number of channels from 1024 to 512,
as shown in Figure 5.
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Compared with the previous version of IoU, we reduced the number of channels
by optimizing the algorithm, which reduced the amount of computation and improved
the inference speed. In addition, for the watermelon seedling dataset, which is complex,
diverse, contains different sizes, and is difficult to identify, SPPELAN can reduce the
number of parameters and improve the model performance and inference speed. The
introduction of SPPELAN is expected to further improve the robustness and generalization
of the YOLOv8 model while maintaining high accuracy. In addition, due to the lightweight
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nature of ELAN, SPPELAN helps to reduce the computational effort of the model and
increase the inference speed.

2.4.4. Focaler-ECIoU

Target detection can generally be divided into two parts, localization and detection,
where the accuracy of localization is mainly dependent on the regression loss function.
By choosing appropriate positive and negative samples, the intersection over union (IoU)
is the most popular metric in bounding box regression, which is used to measure the
similarity between predicted and real frames. To further obtain the optimal IoU metric, the
IoU loss function is proposed to improve the IoU metric. However, the IoU loss function
does not work when the predicted frames and the IoU loss function do not overlap. In
order to solve these problems, many different evaluation systems based on the IoU have
been derived, which address the defects in the original IoU loss function from different
aspects and greatly enhance its robustness. The most representative methods are the
generalized intersection-to-parallel (GIoU), distance-intersection-to-parallel (DIoU), and
complete-intersection-to-parallel (CIoU) loss functions, which have played a fundamental
role in the great progress of target detection, but there is still a lot of room for optimization.
Among the above methods, CIoU is currently the best-performing boundary regression loss
function [26], which takes into account three important geometric factors: overlap region,
center-of-mass distance and aspect ratio, as shown in Equation (6):

LCIoU = 1 − IoU +
ρ2(bgt, b

)
c2 + αv (6)

where ρ2(bgt, b
)

denotes the square of the distance between the true and predicted frames,
c2 denotes the normalization factor, αv denotes the aspect ratio influence factor, LCIoU

denotes the improved central intersection and merging ratio loss, and IoU denotes the
conventional intersection and merging ratio.

However, the width and height of the predicted frame cannot be simultaneously
increased or decreased during the regression process. Therefore, once the model converges
to the line-to-line ratio between the width and height of the predicted and actual frames, it
sometimes prevents the model from optimizing the similarity effectively. So, to address
the above problem, for watermelon seedling detection, we propose a new augmented
loss function Focaler-ECIoU, which increases the adjustment of the predicted frames and
speeds up the frame regression rate. The EIoU loss function [27] solves the CIoU problem
by partitioning the aspect ratio influence factor αv according to CIoU and calculating the
aspect ratios of the predicted frames and the actual frames, as shown in Equation (7):

ECIoU = 1 − IoU + αv +
ρ2(bgt, b

)
c2 +

ρ2(hgt, h
)

c2
h

+
ρ2(wgt, w)

c2
w

(7)

where ECIoU denotes the improved intersection and concurrency ratio, IoU denotes the
traditional intersection and concurrency ratio, αv denotes the aspect ratio influence factor,
ρ2(bgt, b

)
denotes the square of the distance between the real frame and the predicted

frame, ρ2(hgt, h
)

denotes the square of the distance between the true frame and the height,
ρ2(wgt, w) denotes the square of the distance between the true frame and the width, c2

denotes the normalization factor, c2
h denotes the normalization factor related to the height,

and c2
w denotes the normalization factor related to the width.

By the method of linear interval mapping, we can focus on different regression samples
in different detection tasks to enhance the model’s performance We use the linear interval
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mapping method to reconstruct the IoU loss to improve the edge regression, as shown in
Equation (8):

ECIoUfocaler =


0, ECIoU < d
ECIoU−d

u−d , d ≪ ECIoU ≪ u

1, ECIoU > u

(8)

where ECIoUfocaler denotes the improved intersection and merger ratio with focal adjust-
ment, ECIoU denotes the improved intersection and merger ratio, d denotes the lower
threshold, u denotes the upper threshold, and ECIoU−d

u−d denotes the linear adjustment within
the threshold, and is also denotes the ratio of the loss between d and u.

Here, ECIoUfocaler denotes the reconstructed Focaler-ECIoU. By adjusting the values
of d and u, IoUfocaler focuses on different regression samples [28]. Its loss is defined as
shown in Equation (9):

LFocaler−IoU = 1 − IoUfocaler (9)

where LFocaler−IoU denotes the loss of the focus-adjusted cross-parallel ratio, and IoUfocaler

denotes the focus-adjusted cross-parallel ratio.

3. Results
3.1. Experimental Setup

In this study, all of our images were captured with the same high-resolution mobile
device, ensuring experimental rigor. The model training software environment was as
follows: operating system, Ubuntu 20.04; deep learning framework, Pytorch1.10.0 using
Python3.8 was used as the programming language to achieve model training. The hardware
environment was as follows: graphics card, NVIDIA RTX4090 with 24 GB of video memory,
CPU14-core Intel(R) Xeon(R) Gold 6330 CPU @ 2.00 GHz, and 80 GB of RAM. For 3D
Gaussian splatting training, the COLMAP input image pixels were 4624 × 3472. The YOLO
model compressed the image of 4624 × 3472 into an image input of 640 × 640 pixels in size.
The number of samples in each batch was 32, starting from an initial learning rate of 0.01.
We used an Adam optimization algorithm with a learning rate momentum of 0.937 and a
weight decay coefficient of 0.0005. The model was trained for up to 500 cycles. Patience was
set to 50, and the training process was stopped if no significant improvement was observed
after 50 consecutive cycles. These hyperparameters were carefully chosen to encourage
faster convergence, mitigate overfitting, and avoid the model falling into a local optimum.

For the 3D Gaussian splatting dataset, we classified the dataset into three types: strong
light, D1; medium light, D2; and night-time violet light, D3, which simulated the various
periods of light of the plant phenotypes by combining the proposed model with a physical
world simulating engine, like Unity3D. Firstly, we tested the quality of the Gaussian
splatting 3D scene reconstruction with fewer image inputs for testing the different lighting
conditions, and we compared it with other currently dominant 3D reconstruction methods
to understand their abilities to extract plant geometric models from these datasets. Second,
we compared the improved algorithm with YOLOv8 itself and other mainstream algorithms
from multiple perspectives to validate the superiority of our model. Ablation experiments
were also conducted to demonstrate the contribution of each module.

3.2. 3D Models Generated with 3D Gaussian Splatting
3.2.1. RGB Imaging Datasets in Real World

All images collected in this study were taken at the Central China Branch of the
National Vegetable Improvement Centre (NVIC) at Huazhong Agricultural University in
Wuhan, Hubei Province, China. For 3D model reconstruction, we selected 12 groups of
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watermelon seedlings with growth durations ranging from 2 to 10 days for focused image
acquisition. As shown in Figure 6, The dataset was classified based on the lighting condi-
tions during the actual growth of the seedlings in the greenhouse, which were categorized
into three groups: strong light (D1), medium light (D2), and nighttime violet light (D3). D1
represents the growth scene of watermelon seedlings under strong illumination, such as
mid-day on a sunny day, where brightness varies significantly due to shadow masking,
posing a challenge for 3D reconstruction. D2 corresponds to the growing environment in
early morning, dusk, or cloudy days, where light intensity is lower and brightness variation
due to occlusion is minimal, making it an ideal environment for measuring seedling phe-
notypes. D3 represents the environment under violet light at night, where the luminance
variations caused by occlusion are larger, and the violet light further complicates the 3D
reconstruction process.
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3.2.2. Example of 2D Imaging in Virtual World

This section shows 3D Gaussian splatting training the model 7000 and 30,000 times. In
order to test the reconstruction effect of 3D Gaussian splatting with a smaller dataset, we
set the number of image inputs to 30 for each set, and all the input imaging was captured
with the mobile device mentioned in Section 2.2.1.

The peak signal-to-noise ratio (PSNR) is an engineering term that expresses the ratio
of the maximum possible power of a signal to the power of the destructive noise that affects
the accuracy of its representation, which has been widely recognized as an important
metric for quantitatively assessing image quality. It is mainly used in the field of image
compression and reconstruction, and its application has been further extended to emerging
fields such as computer vision and neurographics [29]. Two M × N monochrome images
I and K, where one is a noise approximation of the other, have their mean square error
defined as shown in Equation (10):

MSE =
1

M × N

M

∑
i=1

N

∑
j=1

[Ireference(i, j)− Iexamined(i, j)]2 (10)

The PSNR is defined as shown in Equation (11):

PSNR = 10 × log10

(
MAX2

I
MSE

)
(11)

where MAXI denotes the maximum feasible pixel intensity of the image. Figures 7–9 show
3D reconstructions of images under the three different lighting conditions.
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3.2.3. Example of 3D Geometry Extraction in Virtual World

In this section, we detail the experimental results for the three datasets with a total
of 36 objects. We list the parameters such as training time and PSNR value for each object
reconstructed using 3D Gaussian splatting and compare them with the current mainstream
training method, Instant NGP [30], as shown in Tables 2–4. The visual waterfall diagram
is shown in Figure 10. In addition, the training times and rounds are key factors in the
trade-off between the performance of 3D reconstruction and the size of models. We selected
of 7000 and 30,000 as the feature parameters in the experiments and case studies in the
early and original reconstruction model of 3D Gaussin splatting [16]. In order to visually
compare the gap between 3D Gaussian splatting and InstantNGP in terms of modeling
details, we also show plots comparing the models constructed with 3D Gaussian splatting
with 7000 and 30,000 training iterations with the models constructed with Instant NGP in
Figure 11.

Table 2. D1 group training results (strong light).

Dataset 3D Gaussian Splatting (Strong Light) InstantNGP (Strong Light)

Time 7000 (min) PSNR-7000 Time 30,000 (min) PSNR-30,000 Time (min) PSNR

S1 5.38 25.22 30.03 32.31 3.05 21.28

S2 5.87 26.02 27.65 32.09 3.13 21.65

S3 6.00 25.55 30.85 39.17 3.82 20.77

S4 5.45 24.64 31.52 33.67 3.18 20.25

S5 6.15 26.11 29.38 35.61 3.65 21.02

S6 5.77 30.34 29.85 39.01 3.45 21.84

S7 5.82 27.40 27.98 35.11 3.58 20.34

S8 6.03 27.49 29.62 36.37 3.98 20.67

S9 5.35 27.40 27.55 35.11 3.25 20.14

S10 5.67 16.51 22.87 22.31 3.33 13.27

S11 6.35 18.20 24.65 23.56 4.11 14.54

S12 5.82 24.63 28.45 31.68 3.87 19.51

Table 3. D2 group training results (medium light).

Dataset 3D Gaussian Splatting (Medium Light) InstantNGP (Medium Light)

Time 7000 (min) PSNR-7000 Time 30,000 (min) PSNR-30,000 Time (min) PSNR

S1 6.77 24.72 31.55 32.64 3.87 20.96

S2 7.02 27.65 33.25 36.57 4.30 21.88

S3 5.87 27.52 30.62 35.97 3.55 21.24

S4 6.55 27.42 32.45 37.43 3.67 19.32

S5 6.52 25.23 34.21 34.97 3.82 20.85

S6 6.32 28.37 33.30 36.65 3.58 21.98

S7 6.45 26.07 33.75 35.78 3.45 20.65
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Table 3. Cont.

Dataset 3D Gaussian Splatting (Medium Light) InstantNGP (Medium Light)

S8 6.77 25.74 32.25 33.80 3.13 20.14

S9 5.98 27.12 29.82 36.64 3.85 22.54

S10 6.77 25.84 34.52 33.75 4.03 20.32

S11 6.21 24.51 30.85 31.55 4.48 19.85

S12 6.13 25.98 29.77 33.87 3.70 20.66

Table 4. D3 group training results (violet light).

Dataset 3D Gaussian Splatting (Violet Light) InstantNGP (Violet Light)

Time 7000 (min) PSNR-7000 Time 30,000 (min) PSNR-30,000 Time (min) PSNR

S1 6.18 26.16 29.85 33.43 4.14 23.66

S2 5.93 23.94 30.03 30.85 3.35 21.54

S3 6.10 28.60 23.58 34.47 3.77 21.72

S4 6.21 25.65 32.65 33.95 3.68 19.41

S5 6.33 28.61 23.68 34.62 4.32 23.85

S6 6.17 17.15 23.45 24.90 3.70 14.32

S7 5.85 25.53 28.70 32.55 3.82 20.25

S8 6.11 31.10 23.48 36.61 3.97 23.11

S9 5.87 26.16 28.63 34.14 3.35 20.74

S10 5.97 26.34 23.77 34.93 3.55 20.25

S11 6.30 25.96 26.97 32.76 3.82 20.66

S12 6.18 24.60 27.80 32.05 3.80 19.58
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Figure 10. Visualized waterfall plots of 3D Gaussian splatting and InstantNGP in reconstructing
model parameters in three lighting scenarios. (a) Comparison of InstantNGP, 3D Gaussian splatting
trained 7000 times and 30,000 times under strong light; (b) comparison of InstantNGP, 3D Gaussian
splatting trained 7000 times and 30,000 times under medium light; (c) comparison of Instant NGP, 3D
Gaussian splatting trained 7000 times and 30,000 times under violet light.
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Figure 11. Detailed comparison of 3D Gaussian splatting (7000 trainings) and InstantNGP on the
model surface.

3.3. Performance of Improved YOLOv8
3.3.1. Comparative Analysis of the Performance of Different Models

In order to verify the performance of the improved YOLOv8 model, we conducted
comparison experiments with several image segmentation models. The results of the
comparison experiments are shown in Table 5.

Table 5. Comparison with other methods.

Model BOX-MAP50 MASK-MAP50 Loss Epochs

YOLOv5n-SEG 0.895 0.909 0.855 201
YOLOv8n-SEG 0.907 0.909 0.765 370
YOLOv11n-SEG 0.901 0.909 0.807 180

OURS 0.910 0.913 0.616 254

As can be seen from Table 6, although the number of convergence iterations (epochs) of
the improved YOLOv8 model increased compared to YOLOv5n-SEG and YOLOv11n-SEG
(254 vs. 201/180), the average detection accuracy and average segmentation accuracy on key
metrics improved for all models (0.910 vs. 0.895/0.907/0.901, 0.913 vs. 0.909/0.909/0.909).
Moreover, the training loss (loss) is lower than that of YOLOv5n-SEG, YOLOv8n-SEG and
YOLOv11n-SEG (0.616 vs. 0.855,0.616 vs. 0.765, 0.616 vs. 0.807), and the improved YOLOv8
model showed excellent performance on the specific watermelon seedling detection task.
The loss of the proposed method increased by 0.24. This reflects the expertise and adapt-
ability of the improved YOLOv8 model in specific scenarios. The data in the table overall
reflect the improved performance of the YOLOv8 model.
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Table 6. Ablation experiments when LADH, Focaler-ECIoU, and SPPELAN are applied to baseline.

Method LADH Focaler-
ECIoU SPPLAN mAP50

(B)
mAP50

(M) Epoch Loss GFLOPS F1 Score

Baseline × × × 0.907 0.909 370 0.765 12.0 0.855

LADH
√

× × 0.906 0.908 201 0.854 11.6 0.855

LADH +
Focaler-ECIoU

√ √
× 0.907 0.913 181 0.667 11.6 0.854

LADH +
Focaler-ECIoU +

SPPELAN

√ √ √
0.910 0.913 254 0.616 11.1 0.856

3.3.2. Improved YOLOv8 Detection Model Ablation Test

In order to verify the performance of the improved YOLOv8 model, we conducted
comparison experiments with several image segmentation models. The results of the
comparison experiments are shown in Table 6.

The introduction of the LADH detection head reduced the training duration and
parameter count by 52.81% and 3.33%, respectively, but the mAP50 (B) and mAP50 (M)
both decreased by 0.1%. This decrease could be attributed to LADH, which improved the
convergence speed and reduced the parameter count but at the expense of some detail,
resulting in slight decreases in mAP50 (B) and mAP50 (M). By retaining LADH and adding
Focaler-ECIoU, mAP50 (B) and mAP50 (M) improved to 90.7% and 91.3%, respectively.
In addition, we observed improvements in epochs (181), F1 score (0.856), and loss (0.667).
And, the performance of improved model increased 0.001% compared with the baseline.
The addition of SPPELAN further enhanced mAP50 (B) to 91.0%. Thanks to its efficient
feature aggregation capability, the loss (0.616) and GFLOPS (11.1) also reduced, improving
the lightness of the model. From the above experiments, we found that compared with the
baseline, the improved YOLOv8 model shows significant improvements in average detec-
tion accuracy, average segmentation accuracy, number of converged iterations (epochs),
loss, and GFLOPS. This suggests that the combination of the LADH, SPPELAN, F1 score,
and Focaler-ECIoU modules has a positive impact on the performance of the model. In
conclusion, the proposed scheme is feasible.

4. Discussion
4.1. RGB Imaging Dataset from Real and Virtual Worlds

In the current field of phenotype detection, the problems of insufficient datasets and
the long training time of semantic segmentation models have somewhat limited the effect
of phenotype detection in the whole stage of seedling growth. In this paper, we addressed
the difficult problem of data acquisition through obtaining three types of mixed real and
virtual datasets: real, virtual and evolutionary. Meanwhile, a more efficient seedling
semantic segmentation model was constructed, which promoted the adaptability of the
model to diverse plant morphologies and improved the performance of the model in
practical applications. During the construction of the hybrid virtual–real dataset, we used
the 3D Gaussian splatting technique as a model for constructing a digital twin scene, and
we changed the virtual environment based on it to construct a digital cousin model. One of
its key features is that it balances speed and quality, improving the quality of the model
while ensuring faster convergence. During the construction of our 3D seedling models,
after 7000 iterations of training, all models converged within 7 min. At this point, the model
quality exceeded that of InstantNGP, with a PSNR of over 24, which met the requirements
for segmenting watermelon seedlings from different angles and performing phenotypic
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measurements in 3D scenes. After 30,000 iterations, the quality was further improved,
with a PSNR above 30. When high-precision measurements of certain data are required,
the model with 30,000 iterations can be used instead of the model with 7000 iterations to
improve the accuracy of the measurements. This approach not only accelerates the training
process but also significantly improves the accuracy of the final model, allowing for more
efficient and accurate measurements in plant phenotyping research.

However, since the seedling images were collected randomly, the geometric features
of the seedlings may not be fully extracted during the image acquisition process due to the
incompleteness of the viewpoints captured, resulting in a local point cloud with missing
data, which ultimately leads to a paralyzed model and a drastically reduced PSNR. As
shown in Figure 12, S10 and S11 in group D1 and S6 in group D3 exhibit slight disabling
and local blurring, which may limit the application of 3D Gaussian splatting in the 3D
reconstruction process of seedlings to some extent. In the future, we can focus on con-
structing exclusive shooting schemes and related equipment for watermelon seedlings to
completely and efficiently finish the seedling model while requiring less image acquisition.
We will extend our research to seedlings of oilseed rape, chili, and other plants, as well as
establish a whole set of databases of different seedlings under different light conditions
with different modeling methods so as to provide more possibilities for subsequent research
on plant phenology.
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4.2. Performance Analysis and Comparison of Improved YOLOv8 Semantic Segmentation Models

In this study, we aimed to achieve the semantic segmentation of watermelon seedlings.
To this end, we integrated three modules, LADH, SPPELAN, and Focaler-ECIoU, and
evaluated their impact on model performance. Our comparison and ablation experiments
indicated that our model outperformed the classical segmentation algorithms on all metrics,
achieving a 91.0% mAP50 (B) and a 91.3%mAP50 (M). In Figure 13, under challenging
lighting conditions and increased background complexity, the LADH module utilizes
dynamic detection heads to enhance contextual understanding. This enables the model to
provide a deeper understanding of a wider range of perspectives and complex shapes. As a
result, our model stands out from the original YOLOv8 model under difficult lighting and
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background conditions, validating its robustness and efficiency for real-world applications.
However, our study still has some limitations. High-quality datasets are very important in
deep learning, which may directly or indirectly affect the segmentation results. Although
we expanded the dataset by using multiangle slices of 3D reconstruction models, we spent
considerable time and money in the process of producing high-quality seedling datasets.
Obtain seedling datasets quickly and efficiently is still a difficult task. In our future work,
we will continue to explore the possibility of reconstructing 3D scenes in the production of
datasets and compare the performance differences between the datasets generated from
virtual scenes and those produced from real scenes, so as to provide more accurate data
for the phenotype detection of seedlings. We will also conduct identification and yield
prediction studies on watermelon seedlings at different fertility stages, and we plan to
further explore the collaborative control of the watermelon seedling growth environment
and facilities, including robotic picking, harvesting, and logistic resource scheduling, to
satisfy the needs for quantitative identification statistics, real-time growth assessment, and
yield prediction in smart watermelon production.
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5. Conclusions
In this study, we introduced 3D Gaussian splatting technology as a new method for

phenotype information extraction and preservation, which breaks through the spatial and
temporal limitations of traditional phenological measurement methods. Moreover, for the
recognition and segmentation of watermelon seedlings, we improved YOLOv8 by adding
three innovative modules, namely, LADH, SPPELAN, and Focaler-ECIoU, to enhance
the efficiency and performance of seedling recognition. When we identify watermelon
seedlings in complex environments, different compression ratios can be adopted for LADH
for different categories of detector heads. This can better adapt to the feature representation
and target size distribution of the different categories of watermelon seedlings as well
as improve the generalization ability of the detector. SPPELAN can extract watermelon
seedlings in different weather conditions, light intensities, and from complex backgrounds
separately to improve the accuracy of model recognition, greatly reducing the detection
time and improving the detection efficiency. Focaler-ECIoU can increase the prediction
frame adjustment and accelerate the frame regression rate during watermelon seedling
detection to speed up the model inference. Compared with YOLOv8, the performance of
the proposed detecting model is increased: mAP50 (B) and mAP50 (M) are improved to
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90.7% and 91.3%, respectively. Once we reconstruct a particular seedling in 3D, we can
extract the phenotype of that plant at the moment of reconstruction at any time, and the
high-fidelity quality of the reconstruction greatly improves the accuracy of phenotypic
measurements. Our three datasets captured under different light conditions correspond to
seedling growth scenarios under three different light intensities, emphasizing the different
situations of the actual production process. By analyzing and comparing the reconstruction
models obtained from sparse random shots of watermelon seedlings, we found that the
3D models obtained with this method can basically meet the requirements of phenotype
extraction, showing that the model has great potential for watermelon seedling phenology
measurement. However, this work is an early exploration of object detection using a digital
cousin, and the performance improvement of YOLOv8 is minor compared with that of
other YOLO series, as evidenced by the F1 score only increasing 0.001%. Plus, the dynamics
and evolution basically show the benefit of digital cousins, which can be studied in more
complexity and temporospatial scenarios in future research.
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