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Article 
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Han Yang, Yixing Lin, Zhiyin Yang * and Helong Yu * 

Jilin Agricultural University 
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Abstract: In response to the structural changes of tomato seedlings, traditional image techniques are difficult 

to accurately quantify key morphological parameters, such as leaf area, internode length, and mutual occlusion 

between organs. Therefore, this paper proposes a tomato point cloud stem and leaf segmentation framework 

based on Elite Strategy-based Improved Red-billed Blue Magpie Optimization Algorithm (ES-RBMO). The 

framework uses a four-layer Convolutional Neural Network (CNN) for stem and leaf segmentation by 

combining an improved swarm intelligence algorithm with the values of precision, recall, F1 score, IoU and 

ACC of 0.965, 0.965, 0.965, 0.965, 0.965, 0.933, respectively.We analyzed the segmented organs, four key 

phenotypic parameters of the plants were extracted. The phenotypic parameters of plant height, stem thickness, 

leaf area and leaf inclination were analyzed by comparing the values extracted by manual measurements with 

the values extracted by the 3D point cloud technique. The results showed that the coefficients of determination 

(R²) for these parameters were 0.932, 0.741, 0.938 and 0.935, respectively, indicating high correlation. The root 

mean square error (RMSE) was 0.511, 0.135, 0.989 and 3.628, reflecting the level of error between the measured 

and extracted values. The absolute percentage errors (APE) were 1.970, 4.299, 4.365 and 5.531, which further 

quantified the measurement accuracy. In this study, an efficient and adaptive intelligent optimization 

framework was constructed, which is capable of optimizing data processing strategies to achieve efficient and 

accurate processing of tomato point cloud data. This study provides a new technical tool for plant phenotyping 

and helps to improve the intelligent management in agricultural production. 

Keywords: tomato plants; red-billed blue magpie optimization algorithm; elite strategy; point cloud 

segmentation; convolutional neural network; phenotype extraction analysis 

 

1. Introduction 

In the field of modern agricultural research, structural analysis of tomato plants is important for 

understanding their growth habit, optimizing cultivation management, and improving crop yield. 

Using point cloud data collected by depth cameras, the three-dimensional morphology of tomato 

plants can be accurately depicted, including the spatial layout of stems, leaves, branches, and other 

parts, as well as their geometric properties. However, the processing of point cloud data also suffers 

from data occlusion, noise interference, and sparsity, all of which may lead to missing information 

and segmentation errors. It is also more difficult to analyze the point cloud in the complex geometric 

structures of tomato plants at different stages of growth and development. With the development of 

deep learning technology, plant stem and leaf segmentation based on point cloud data how to 

accurately segment tomato point cloud data and extract useful geometric information has become a 

research hotspot. 

Currently, the common stem and leaf segmentation in the plant domain can be categorized into 

three types: supervised learning, unsupervised learning and weakly supervised learning. Supervised 

learning achieves efficient feature extraction and fine segmentation of plant structure point cloud 

data through deep learning models that rely on fully labeled data for training. Researchers achieved 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 December 2024 doi:10.20944/preprints202412.1113.v1

©  2024 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202412.1113.v1
http://creativecommons.org/licenses/by/4.0/


 2 

 

automatic identification of key features in the input point cloud and accomplished accurate 

segmentation of plant organs by deep neural network training.Lou L et al. proposed a novel weakly-

supervised framework Eff-3DPSeg for 3D plant bud segmentation[1]. This method combines deep 

learning and point cloud techniques to address the challenges of 3D plant bud segmentation.Wang, 

Y et al. achieved an effective segmentation of stems and leaves of tomato plants by combining 

skeleton extraction with up-pixel clustering techniques to achieve a certain segmentation accuracy[2]. 

Xusheng Zhong used Graph Convolutional Neural Network (GCNN) as a basic framework for plant 

point cloud segmentation research. The study used 864 plant point cloud data collected as a dataset 

and verified the performance of the model[3]. These methods are based on the capability of deep 

learning in feature learning and model optimization to handle complex data and improve 

segmentation refinement. 

Unsupervised learning does not use any labeled data but looks for patterns in the data[4]. Pre-

trained models or machine learning methods can autonomously extract features from large-scale 

unlabeled point cloud data and process and analyze the point cloud data using algorithms such as 

clustering and dimensionality reduction[5–8].Miao,T et al. proposed an automated segmentation 

method for maize shoot stems and leaves based on 3D point cloud. The method used skeleton 

information as a priori knowledge to assist point cloud segmentation and realized an automated 

segmentation process[9]. Weakly supervised learning uses partially labeled data to guide the model 

for training, which is suitable for those scenarios where labeling resources are limited but supervised 

information is still needed[10].Wu J et al. proposed a weakly supervised 3D point cloud semantic 

segmentation (WS3DSS) method, which is to develop a robust model that is able to learn from limited 

labeled data and effectively utilize the unlabeled data to enhance segmentation performance[11]. 

However, unsupervised learning has no labeling information, and the learned model may not be 

directly applicable to specific classification or regression tasks with limited performance 

enhancement and low accuracy. Weakly supervised learning may not be sufficient to effectively 

guide model learning due to incomplete or uncertainty in the labeling information, thus affecting the 

accuracy and stability of segmentation results [12–14]. 

Aiming at the challenges faced by the current segmentation, this paper proposes an optimization 

algorithm based on the improved red-billed blue magpie, which aims to solve the following 

problems: 

1. deep learning models generally have the problem of large parameter sizes, although the 

demand for computational resources can be significantly reduced through model lightweighting 

techniques, this process often leads to a decline in model performance, i.e., loss of accuracy, which 

affects the accuracy of the final segmentation results. 

2. The segmentation accuracy of some deep learning models shows a certain degree of instability 

in complex environments, and this instability limits the applicability of the model in practical 

application scenarios, making it difficult to meet the demand for highly reliable segmentation results 

in agricultural production. 

Aiming at the current problems, this paper aims to propose a method that can still obtain high 

segmentation accuracy with fewer convolutional layers and fewer number of parameters. To achieve 

this goal, the following strategies are adopted in this study: 

1. the Red-billed Blue Magpie Optimization Algorithm (RBMO) is optimized using an elite 

strategy to improve the stability and search capability of the algorithm. The elite strategy improves 

the overall performance of the algorithm by retaining the best individuals in successive generations 

and guiding the evolution of the algorithm towards better solutions. 

2. the optimized red-billed blue magpie algorithm is fused with a deep learning network model 

to optimize the effect of stem and leaf segmentation of tomato plants. This fusion strategy aims to 

ensure the robustness of the model when dealing with complex point cloud data, while reducing the 

dependence on a large number of parameters. 

3. encapsulate customized convolutional layers by combining geometric and curvature features 

of the point cloud data. This approach makes the network model more attuned to the processing 
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characteristics of 3D spatial data, thus improving the ability to recognize the details of plant 

structures while keeping the model lightweight. 

2. Materials and Methods 

2.1. Data Sources and Collection 

In the fourth greenhouse of Jilin Vegetable and Flower Scientific Research Institute, five 

independent planting blocks were set up in this study, and 96 tomato plants were cultivated in each 

block, with the overall sample size reaching 480 plants. Within these blocks, plants were arranged in 

two rows with row spacing maintained at 0.1 m, while the row length extended to 2.4 m. The plants 

were planted in two rows with the same spacing. Within the same row, the spacing between plants 

was approximately 0.05 meters. In order to obtain the 3D structural data of tomato plants, a 

3DScanner-630w device was used for point cloud data acquisition (Figure 1a), and special attention 

was paid to avoiding the effects of shadows and reflections during the acquisition process to ensure 

the integrity of the data. CloudCompare software was utilized to perform pre-processing operations 

on the acquired image data. Finally, the pre-processed image data were visualized in three 

dimensions through the Python programming language (Figure 1b). 

 

Figure 1. Image acquisition method.(a) Point cloud data acquisition; (b) Visual presentation of 

preprocessed images. 

2.2. Methodologies 

2.2.1. Algorithmic Principles of the Red-Billed Blue Magpie Algorithm for Elite Strategy 

Optimization 

The Elite Strategy-based Improved Red-billed Blue Magpie Optimization Algorithm (ES-RBMO) 

optimizes the red-billed blue magpie by simulating its foraging behavior in the hyper-parameter 

space of deep learning networks [15–17]. The elite strategy effectively avoids falling into a local 

optimum by retaining the current optimal solution and prioritizing the use of its information for 

subsequent searches. 

Each individual (bird) represents a configuration of a deep learning model. Assuming that the 

deep learning model has multiple hyperparameters,{θ1, θ2, . . . , θk}the position of each individual can 

be represented v as. 

xi = {θ1
i , θ2

i , . . . , θk
i }  

where θj
i denotes the value of dimension j of the i th individual (solution) in the hyperparameter 

space (e.g., learning rate, number of network layers, etc.). 

The fitness function is a quantitative form of the optimization objective, and we compute the 

fitness of an individual based on accuracy, recall, precision, F1 score, and loU. Let Fi denote the 

fitness value of the ith individual, we define the weighted fitness function as. 

Fi = w1 ∙ Accuracyi + w2 ∙ Recalli + w3 ∙ Precisioni + w4 ∙ F1i + w5 ∙ IoUi  
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where，Accuracyi , Recalli , Precisioni , F1i , IoUi  denotes each performance indicator of the model 

corresponding to the ith individual, respectively Individual corresponds to each performance metric 

of the model.w1,w2,w3,w4,w5is the weight of each indicator,and it satisfies w1 + w2 + w3 + w4 +

w5 = 1. 

The core of the red-billed blue magpie optimization algorithm is to search for the best solution 

by updating the individuals with the following update rules: 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝛼(𝑥𝑏𝑒𝑠𝑡
𝑡 − 𝑥𝑖

𝑡) + 𝛽(𝑚𝑒𝑎𝑛(𝑥𝑔𝑟𝑜𝑢𝑝
𝑡 ) − 𝑥𝑖

𝑡)  

xi
t+1 indicates the ith Individuals in position t + 1.xi

t indicates the ith Individuals in position 

t. xbest
t  is the best adapted elite individual in the current population. mean(xgroup

t )is the positional 

mean of all individuals in the current population.α and β are the step coefficients for global and 

local search, respectively. 

Elite strategy by selecting the best adapted Nelite individuals，preserves its solution and passes 

it on directly to the next generation.This mechanism helps the algorithm to keep the search in the 

neighborhood of the optimal solution and avoid falling into local optima. 

While local search performs a meticulous search in the vicinity of the current solution to 

optimize the solution quality through minor adjustments, jump search boldly explores a larger search 

space by randomly adjusting the position of individuals in order to find global optimal solutions that 

may have been overlooked [18,19].With this strategy, the Red-billed Blue Magpie algorithm is not 

only able to accurately perform local optimization when dealing with point cloud data, but also 

maintains the vitality of the global search, ensuring that the algorithm performs well in point cloud 

alignment, shape recognition, and other complex tasks[20]. By retaining the elite individuals with the 

highest fitness, the algorithm ensures that the optimal solution is always retained during the iteration 

process, which improves the overall search efficiency and the quality of the solution[21]. 

Local search optimizes the solution by making small adjustments based on the fitness of the 

current individual position. For example, better solutions are explored within a neighborhood 

through mutation operations[22]: 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝛿(𝑥𝑏𝑒𝑠𝑡
𝑡 − 𝑥𝑖

𝑡)  

𝛿 is a smaller constant that controls the trim step. 

Jump search[23] appears to be more aggressively applied in the Red-billed Blue Magpie 

algorithm, which explores domains in the solution space far from the current population location by 

increasing the search step size, thus potentially discovering a better solution[24]. In each generation 

of the algorithm, we update the position of the population based on the fitness value of each 

individual and generate new individuals.In this process, we use an elite strategy, i.e., we keep the  

individuals with the best fitness as the elite, and these elite individuals will not be eliminated to 

ensure that the algorithm can maintain the inheritance of the optimal solution during the iteration 

process[25].By applying this elite strategy-optimized red-billed blue magpie algorithm to point cloud 

data processing, the solution space can be explored and utilized more efficiently, and the efficiency 

and accuracy of point cloud alignment and shape optimization can be improved [26–30]. 

The termination conditions of the algorithm include the following three aspects: firstly, when 

the algorithm reaches the predetermined maximum number of iterations, the search process will be 

stopped automatically; secondly, if the change of the fitness of the optimal solution is less than a 

certain set threshold in a number of consecutive generations, it indicates that the algorithm has 

converged, and the iteration will be terminated at this time as well [31–34]; lastly, if the value of the 

fitness of the optimal solution exceeds the predetermined threshold, it means that the algorithm has 

found a satisfactory solution and therefore will stop early [35,36]. With this optimization strategy, we 

apply the red-billed blue magpie algorithm to point cloud data processing to achieve more efficient 

and accurate search and matching. 

2.2.2. Algorithmic Principles of 3DCNN 
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The 3DCNN incorporates the geometric and curvature properties of point cloud data to 

construct a four-layer deep learning architecture by encapsulating customized convolutional 

layers[37]. The first convolutional layer of this network, conv1, uses a 3x3x3 convolutional kernel for 

feature extraction from single-channel input data, which achieves the mapping from raw data to 64-

dimensional feature space, and accelerates convergence and stabilizes the training through a batch 

normalization operation in the bn1 layer[38]. conv2 with the bn2 layer extends the feature dimensions 

to 128 dimensions, which enhances the abstract representation of the features. conv3 with the bn3 

layers map features to 256 dimensions to capture higher-level structural information. The optional 

conv4 & bn4 layers achieve deeper feature extraction, enhancing 256-dimensional features to 512 

dimensions, which significantly improves the model's ability to model and recognize complex spatial 

features[39], as shown in Figure 2. This method effectively extracts and abstracts rich geometric and 

structural information from the point cloud data by increasing the feature dimensions layer by layer, 

which significantly improves the model's modeling and recognition ability of complex 3D shapes; 

meanwhile, combined with batch normalization, it optimizes the training process, accelerates the 

convergence speed, and enhances the model's generalization performance. 

 

Figure 2. 3DCNN model hierarchical flowchart. 

3. Results 

3.1. Comparison Experiment 

The ES-RMBO algorithm proposed in this paper shows significant superiority in stem-and-leaf 

segmentation tasks. In comparison with other mainstream algorithms, ES-RMBO achieves the 

optimal level in key performance metrics such as precision (0.965), recall (0.965), F1 score (0.965), IoU 

(0.965), and ACC (0.933), demonstrating higher segmentation accuracy and stability (Table 1). In 

contrast, although the UNet algorithm[40], AC-UNet algorithm[41], PCNN algorithm [42]and 

DeepLabV3 algorithm[43] also demonstrated better performance in the segmentation task, they were 

slightly lower in several metrics, such as precision (Figure 3a), recall (Figure 3b), F1 scores (Figure 

3c), IoU (Figure 3d) and ACC (Figure 3e), than the Tomato plants have unique growth characteristics, 

in which the stems are more upright and regular, while the leaves are dense and diverse, with 

relatively complex structures.The RMBO algorithm can more accurately identify and distinguish 

these complex structural features by effectively integrating the geometric information of the point 

cloud data.The RMBO algorithm strikes a better balance between precision and recall, which 

effectively reduces the occurrence of misclassification, and further reduces the incidence of 
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misclassification, and further reduces the incidence of misclassification. reduces the occurrence of 

misclassification and further improves the reliability and accuracy of segmentation results. 

Table 1. ES-RMBO Comparison Experiments. 

 P R F1 IoU ACC 

AC-UNet 0.916 0.903 0.915 0.892 0.886 

UNet 0.912 0.901 0.912 0.894 0.864 

PCNN 0.906 0.890 0.904 0.909 0.898 

DeepLabV3 0.877 0.904 0.885 0.821 0.853 

ES-RMBO 0.965 0.965 0.965 0.965 0.933 

 

Figure 3. Comparison of each data of ES-RMBO comparison test.(a) Accuracy; (b) Recall rate; (c) F1 

score; (d) IoU; (e) ACC. 

3.2. Ablation Experiment 

In order to verify the effectiveness of ES-RMBO algorithm in tomato stem and leaf segmentation 

task, we conducted ablation experiments to compare ES-RMBO with other unoptimized algorithms, 

including the original 3DCNN and the addition of the unoptimized RMBO algorithm. Table 2 

demonstrates the comparison of the performance of different algorithms on the tomato stem and leaf 

segmentation task. As can be seen from the table, the ES-RMBO algorithm achieves optimal results 

in all key performance metrics of precision (0.965), recall (0.965), F1 score (0.965), IoU (0.965), and 
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ACC (0.933), which proves its superiority in the tomato stem-and-leaf segmentation task. The results 

of the ablation experiments show that several values of precision (Figure 4a), recall (Figure 4b), F1 

value (Figure 4c), IoU (Figure 4d) and ACC (Figure 4e) of the unoptimized algorithm are not as good 

as the ES-RMBO algorithm in the tomato stem and leaf segmentation task, which suggests that the 

ES-RMBO algorithm is able to efficiently process the tomato point cloud data, improve segmentation 

precision and stability, providing an efficient and accurate solution for tomato growth monitoring, 

variety identification and phenotypic analysis. 

Table 2. ES-RMBO ablation experiments. 

 P R F1 IoU ACC 

3DCNN 0.876 0.877  0.868 0.871 0.793 

RMBO 0.913 0.915 0.924 0.928 0.818  

ES-RMBO 0.965 0.965 0.965 0.965 0.933 

 

Figure 4. Comparison of each data of ES-RMBO ablation experiments.(a) Accuracy; (b) Recall rate; (c) 

F1 score; (d) IoU; (e) ACC. 

3.3. Phenotypic Parameter Measurement Results and Analysis 

Measurement results and analysis were taken from 100 tomato plants, comparing the manual 

measurements with the extracted values of 3D point cloud parameters, including plant height 

R²=0.932, RMSE=0.511, MAPE=1.970, (Fig. 5a); stem thickness R²=0.741, RMSE=0.135, MAPE=4.299, 

(Fig. 5b); leaf area R²= 0.938, RMSE=0.989, MAPE=4.365, (Figure 5c); leaf inclination R²=0.935, 
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RMSE=3.628, MAPE=5.531, (Figure 5d). The experimental data showed that the results indicated a 

high correlation between the measured results and the real data for the measured leaf data. 

 

Figure 5. Measurements of phenotypic parameters.(a) Plant height; (b) Stem thickness; (c) Leaf area; 

(d) Leaf inclination angle. 

4. Discussion 

The improved red-billed blue magpie optimization algorithm in this paper has been effectively 

applied to the processing of tomato plant point cloud data, which demonstrates excellent adaptability 

and robustness to the point cloud characteristics exhibited by plants at different growth and 

development stages and under diverse environmental conditions. By extracting the geometric and 

curvature features of the point cloud in a hierarchical manner, this optimization algorithm retains the 

current optimal solution, accelerates the convergence speed and the quality of the algorithm, and 

improves the accuracy and stability of segmentation. And it can reach accurate stem and leaf 

separation without the support of large-scale labeled data. The experimental results show that the 

algorithm can efficiently perform stem and leaf segmentation on tomato point cloud data processing, 

and achieves the optimal level of key performance metrics, such as precision, recall, F1 score, IoU, 

and ACC, demonstrating higher segmentation precision and stability (Figure 6a). 

Although the optimization algorithm proposed in this paper shows excellent performance in the 

tomato plant point cloud segmentation task, the characteristics of tomato plants still bring some 

difficulties to the segmentation task, which needs further research and optimization. It mainly stems 

from its complex growth morphology. The stems and leaves of tomato plants grow densely, and the 

leaves shade each other with fuzzy boundaries that are difficult to distinguish. This dense and 

interlaced growth pattern leads to the difficulty of traditional edge detection algorithms in accurately 

recognizing leaf edges, thus affecting the accuracy of the segmentation results (Figure 6b). 
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Figure 6. Point cloud results of tomato plants with different growth conditions.(a) Normal tomato 

plant; (b) More complex tomato plant. 

5. Conclusions 

In this paper, we propose a stem-and-leaf segmentation method based on the improved 

optimization algorithm for red-billed blue magpies, and verify its excellent performance and 

robustness in point cloud data of different densities. The method significantly improves the accuracy 

and stability of stem-and-leaf segmentation by fusing the geometric features, spatial distribution 

information and deep learning model of point cloud data. Through dynamic volume compression, 

the aggregation of the point cloud is enhanced, which effectively improves the accuracy of the feature 

extraction process. For different point cloud densities, the algorithm is able to accurately capture stem 

and leaf features, optimize local details, and significantly reduce misclassification. During the 

processing of tomato plants, ES-RMBO demonstrates strong stability and reliability, and is able to 

accurately distinguish stems from leaves. Through hierarchical processing and geometric feature 

computation, the method successfully copes with the unique hierarchical structure of tomato plants, 

further enhancing the segmentation effect. The algorithm achieves optimal results in key 

performance metrics such as precision, recall, F1 score, IoU and ACC, which verifies its high 

adaptability in plant growth stages. The algorithm proposed in this paper can effectively deal with 

complex plant structures and provides solid technical support for plant growth monitoring and 

automated segmentation tasks in precision agriculture, and its applicability in a wide range of plant 

species and agricultural application scenarios can be expanded in the future by further optimizing 

the algorithm's generalization ability. 
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