
 
 

 

 
Agriculture 2025, 15, 817 https://doi.org/10.3390/agriculture15080817 

Article 

Pruning Branch Recognition and Pruning Point Localization  
for Walnut (Juglans regia L.) Trees Based on Point Cloud  
Semantic Segmentation 
Wei Zhu 1,2,3, Xiaopeng Bai 1,2,3, Daochun Xu 1,2,3 and Wenbin Li 1,2,3,* 

1 School of Technology, Beijing Forestry University, Beijing 100083, China; zhuwei07020026@bjfu.edu.cn (W.Z.); 
xiaopengbai@bjfu.edu.cn (X.B.); xudaochun@bjfu.edu.cn (D.X.) 

2 State Key Laboratory of Efficient Production of Forest Resources, Beijing 100083, China 
3 Key Laboratory of National Forestry and Grassland Administration on Forestry Equipment and  

Automation, Beijing 100083, China 
* Correspondence: leewb@bjfu.edu.cn; Tel.: +86-13910659735 

Abstract: Intelligent pruning technology is significant in reducing management costs and 
improving operational efficiency. In this study, a branch recognition and pruning point 
localization method was proposed for dormant walnut (Juglans regia L.) trees. First, 3D 
point clouds of walnut trees were reconstructed from multi-view images using Neural 
Radiance Fields (NeRFs). Second, Walnut-PointNet was improved to segment the walnut 
tree into Trunk, Branch, and Calibration categories. Next, individual pruning branches 
were extracted by cluster analysis and pruning rules were adjusted by classifying 
branches based on length. Finally, Principal Component Analysis (PCA) was used for 
length extraction, and pruning points were determined based on pruning rules. Walnut-
PointNet achieved an OA of 93.39%, an ACC of 95.29%, and an mIoU of 0.912 on the wal-
nut tree dataset. The mean absolute errors in length extraction for the short-growing 
branch group and the water sprout were 28.04 mm and 50.11 mm, respectively. The aver-
age success rate of pruning point recognition reached 89.33%, and the total time for prun-
ing branch recognition and pruning point localization for the entire tree was approxi-
mately 16 s. This study provides support for the development of intelligent pruning for 
walnut trees. 

Keywords: walnut tree; intelligent pruning; 3D point cloud; semantic segmentation; 
PointNet++; branch recognition; pruning point localization 
 

1. Introduction 
Walnut (Juglans regia L.) is an important woody oil species, with a wide planting area. 

In walnut orchard management, pruning is still primarily performed manually. However, 
issues such as the shortage of agricultural labor, rising labor costs, and an aging workforce 
are limiting the walnut industry. Therefore, the development of intelligent pruning tech-
nology to achieve selective pruning is crucial [1]. The keys to intelligent pruning for fruit 
trees are identifying pruning branches and locating pruning points. At present, there are 
two main methods for identifying branches in fruit trees: 2D image and 3D point cloud. 

With the development of image processing technology, image-based methods for 
fruit tree branch identification have made significant progress. Amatya et al. [2] employed 
a Bayesian classifier to categorize cherry tree image pixels into four classes, achieving a 
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branch detection accuracy of 89.2%. Tabb and Medeiros [3] captured fruit tree images in 
outdoor lighting conditions after removing complex backgrounds, located low-texture re-
gions of the image using superpixels and applied a Gaussian mixture model for branch 
modeling and segmentation. With the continuous development of deep learning in image 
recognition, it has been widely applied to fruit tree branch identification. Various deep 
learning-based image segmentation models, such as U-Net [4], Deeplab v3 [5], YOLOv8 
[6],YOLOv11 [7], Mask R-CNN [8,9], and Transformer-based models [10] have been ana-
lyzed and compared for segmenting branches and trunks in fruit tree images. Majeed et 
al. [11] utilized SegNet, a CNN-based segmentation model, to segment both simple and 
foreground RGB images of apple trees, achieving higher accuracies in foreground RGB 
images (0.91 for trunks, 0.92 for branches) than in simple RGB images. Borrenpohl and 
Karkee [12] used Mask R-CNN to segment the trunks and leaders of cherry trees in active 
and natural lighting images, demonstrating that active illumination increased the IoU of 
Mask R-CNN by 11%. The above-mentioned 2D image-based branch identification meth-
ods offer convenient data acquisition and fast processing. However, they are limited to 
planar information, making it difficult to capture branch spatial structures for pruning 
applications. To overcome this, researchers have integrated depth information into in-
stance segmentation networks to enhance feature extraction and improve recognition ac-
curacy [13–16]. However, the complex arrangement of fruit tree branches, including small 
gaps and occlusions, still challenges high segmentation accuracy for dense structures, 
even with depth information integration. 

Three-dimensional point clouds have gained attention as a three-dimensional and 
intuitive representation, containing rich spatial structural information. Representing fruit 
trees as 3D point clouds for branch identification research has become a popular approach. 
Karkee et al. [17] used a depth camera and the medial axis thinning algorithm to extract 
the skeleton point cloud of apple trees, achieving 77% accuracy in branch identification. 
Li et al. [18] employed an improved Laplace algorithm for skeleton extraction, successfully 
performing branch segmentation. The above methods mainly rely on traditional algo-
rithms and geometric properties, limiting their adaptability to complex tree structures. 
With significant advancements in deep learning techniques for 3D point cloud classifica-
tion and semantic segmentation [19], researchers have extensively explored deep learn-
ing-based tree point cloud segmentation [20–22]. Ma et al. [23] used two Kinect DK depth 
cameras to acquire jujube tree point clouds and applied the SPGNet network in combina-
tion with the DBSCAN clustering algorithm for segmentation, achieving 93% accuracy for 
trunks and 84% for branches. Qi et al. [24] proposed the PointNet++ network, which ena-
bled part segmentation for single objects and semantic segmentation for multi-object 
scenes. It has been used for apple tree trunk and branch segmentation, achieving an over-
all accuracy of 0.84 on uncolored point clouds [25]. Building on PointNet++, Jiang et al. 
[26] utilized PointNeXt, which achieved an mIoU of 0.9481 for apple tree trunk and branch 
segmentation, outperforming both PointNet and PointNet++. Compared to traditional 
methods, deep learning offers greater adaptability and robustness in processing diverse 
and complex branch structures [27]. 

After identifying tree branches, pruning points must be determined based on prun-
ing rules. For 2D image-based branch identification, additional 3D information is often 
required for accurate localization. Integrating RGB images with depth data has been an 
effective solution [28]. By capturing both RGB and depth images of fruit trees with a depth 
camera, researchers have used instance segmentation models to segment trees in the RGB 
images. Through pixel coordinate transformation, the segmented information was 
mapped onto the depth images, allowing for the extraction of branch parameters and co-
ordinates. This approach has been successfully used to identify pruning points for apple 
tree branches and grapevines [29,30]. However, the data captured by depth cameras are 
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often influenced by complex backgrounds and lighting conditions in outdoor environ-
ments. Additionally, the limited capture range only allows for the acquisition of local 
branch information, which limits the application to the structures of tall walnut trees. With 
the development of 3D reconstruction technology, a global 3D point cloud of the fruit tree 
better captures the branch structure, improving pruning point accuracy. The skeleton 
point cloud of apple trees was extracted to locate pruning positions, showing a good 
match with manual pruning [17]. Existing studies have explored 3D point cloud-based 
intelligent pruning for apple trees [11,31], jujube trees [23,32,33], sweet pepper plants [34], 
vines [35], and sweet cherry trees [36]. Different pruning rules should be adopted depend-
ing on the tree species. In existing studies, pruning points for apple trees were determined 
based on branch diameter and spacing [17,29]. For grapevines, pruning decisions relied 
on the number and position of buds on each cane [30,37]. Sweet cherry tree pruning loca-
tions were determined by stub length [38]. These factors were closely related to tree archi-
tecture and cultivation practices. Walnut trees typically exhibit a sparse-layered or open-
center structure with slender, dense, and intertwined branches. Pruning point localization 
must be analyzed based on their specific growth characteristics. 

In summary, to overcome the limitations of 2D images and the complexity of walnut 
tree branches, this study proposed a 3D point cloud-based method for pruning branch 
identification and pruning point localization in walnut trees. By segmenting the 3D point 
cloud, the method identified target branches and determined pruning points based on 
specific intelligent pruning rules for walnut trees. The specific research objectives were as 
follows: (1) constructing a high-quality 3D point cloud dataset of walnut trees and devel-
oping the Walnut-PointNet model to segment trunks and one-year-old branches; (2) de-
veloping intelligent pruning rules based on tree architecture and branch growth charac-
teristics; (3) extracting branch length parameters; (4) determining pruning points accord-
ing to pruning rules and extracted parameters. 

2. Materials and Methods 
2.1. Data Collection and Point Cloud Generation 

This study was conducted using leafless Xiangling walnut trees (8 years old on aver-
age). On average, the trees in the selected orchard were 3.5 m tall, with approximately 4.5 
m between rows and 3 m between trees according to a standardized planting pattern. The 
experimental site was a modern walnut orchard located in Huanglong County, Shanxi 
province, China (35°34′ N, 109°50′ E). Based on the previous experimental method, data 
were collected under natural light conditions without any manual intervention using a 
Canon M50 digital camera (Canon, Tokyo, Japan), which has an effective pixel number of 
24.1 million and a maximum video resolution of 3840 × 2160. Videos were captured along 
a circular track from the bottom to the top of each tree to capture images at different levels. 
In total, 200 multi-view images were extracted from the video for each tree and a total of 
100 walnut trees’ images were collected. 

Point clouds can more accurately capture the complex structure and fine details of 
trees. In previous experiments, three methods were compared for the 3D reconstruction 
of walnut trees to obtain the point clouds: First, multi-viewpoint clouds were captured 
using a Kinect depth camera and registered to form a complete model. Next, the SfM-MVS 
(Structure from Motion–Multi View Stereo) method and the NeRFs (Neural Radiance 
Fields) method were applied separately for the 3D reconstruction of walnut trees. The 
results indicated that NeRF outperformed the other methods in walnut tree 3D recon-
struction, providing higher accuracy and more detailed results. Therefore, this study used 
NeRF to reconstruct high-quality color 3D point clouds of individual walnut trees from 
multi-view images, as shown in Figure 1, with a total of 100 walnut trees reconstructed. 
The point clouds were then preprocessed for subsequent analysis, including background 
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noise removal, downsampling, and normalization. To separate the trees from the complex 
background, random uniform sampling was applied to reduce the point count in the orig-
inal point clouds, and normalization was carried out by scaling the 3D coordinates to the 
range [−1, 1]. 

(a) (b) (c) 

Figure 1. Reconstructed point cloud of walnut tree. (a–c) respectively show tree structures of dif-
ferent complexity. 

2.2. Point Cloud Segmentation 

2.2.1. Semantic Segmentation Based on Walnut-PointNet 

PointNet++ is an extension of PointNet designed for classification and segmentation 
tasks on irregular and unordered point clouds. By utilizing adaptive sampling and local 
feature learning, PointNet++ effectively captures the geometric information of point 
clouds. However, it still has limitations in feature extraction and capturing long-range 
dependencies in complex structures, especially for unevenly distributed point clouds. To 
enhance feature extraction and improve the semantic segmentation performance of wal-
nut tree point clouds, this study proposed the Walnut-PointNet model, which optimized 
PointNet++ by introducing the channel attention and multi-scale aggregation MLP 
(CAMA-MLP) module and the central point feature (CPF), as illustrated in Figure 2. 

The network was primarily composed of the Set Abstraction (SA) module and the 
Feature Propagation (FP) module. The input to the network was represented as (N, d + c), 
where N denotes the number of points in the point cloud, d represents the coordinate di-
mensions (typically (x, y, z) in 3D), and c represents additional features (such as color, 
normal vectors, etc.). The PointNet layer extracted local features from the sampled points, 
and this study introduced CAMA-MLP and CPF for optimization. The FP module in-
cluded interpolation and unit PointNet. The interpolation was used to recover features of 
the points that were overlooked during downsampling, while the unit PointNet was re-
sponsible for updating the feature vector of each point. The SA and FP modules were 
connected through skip links. 
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Figure 2. Walnut-PointNet network structure. 

(1) Introduction of CAMA-MLP 
To address the limitations of PointNet++, Ma et al. [39] proposed that detailed local 

geometric information may not be the key for point cloud analysis. Consequently, they 
introduced a pure residual MLP network called PointMLP, which did not rely on complex 
local geometric extraction modules but achieved superior performance through a light-
weight geometric affine module. Inspired by PointMLP, this study introduced CAMA-
MLP, which incorporated innovative local feature aggregation and channel attention. The 
module consisted of three key components: basic feature transformation, local feature ag-
gregation, and the channel attention mechanism, as illustrated in Figure 3. 

 

Figure 3. CAMA-MLP structure. 

First, a series of 2D convolutional layers and batch normalization layers were applied 
for basic feature transformation. The input feature tensor x had a shape of (B, N, K, C), 
where 𝐵 was the batch size, 𝑁 was the number of points, 𝐾 was the number of neighboring 
points for each point, and 𝐶 was the number of channels. After the 2D convolution oper-
ation, the dimensions were rearranged to (B, C, N, K). Batch normalization and the ReLU 
activation function were applied to perform an initial nonlinear feature transformation, 
as shown below: 

, 1 ,( ) Re LU(BN(Conv ( )))pre i j i jf fΦ =  (1)

where Conv1 represents the 2D convolution operation, BN denotes the 2D batch normali-
zation operation, ReLU (·) is the nonlinear activation function, and fi,j represents the fea-
tures of the ith point and its neighboring point j. 
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Subsequently, the features were transposed back to the shape [B, N, K, C], followed 
by the introduction of a local feature aggregation module. The module consisted of two 
linear transformation layers (Linear1 and Linear2), each maintaining the same number of 
feature channels. These linear layers performed nonlinear mappings to preserve feature 
space consistency. To retain spatial structural information, 2D batch normalization layers 
(BN1 and BN2) replaced traditional 1D batch normalization, ensuring effective capture of 
the spatial distribution characteristics of point cloud data during normalization. Addition-
ally, a residual connection was applied after each linear transformation, where the output 
was added to the input (identity mapping). This helped mitigate the vanishing gradient 
problem in deep networks and accelerated training. The two linear transformations and 
residual connections are formulated as follows: 

1 1 1ReLU(Linear (BN ( )) )o x x= +  (2)

2 2 2 1 1ReLU(Linear (BN ( )) )o o o= +  (3)

where x represents the input features, BN1 (·) and BN2 (·) are the first and second batch 
normalization layers, respectively, and Linear1 (·) and Linear2 (·) are the first and second 
linear transformation layers. o1 and o2 represent the output features after the first and sec-
ond transformations, respectively. 

Finally, the module introduced a channel attention mechanism that dynamically op-
timized feature channels through adaptive weight learning. A max-pooling operation was 
applied along the 𝐾-dimension, producing a feature map of shape (B, N, C). Next, a two-
layer fully connected network, including dimensionality reduction and expansion, was 
used to learn the channel weights. Specifically, the first fully connected layer reduced the 
number of channels from 𝐶 to 𝐶/4, emphasizing key inter-channel relationships while re-
ducing computational cost. A ReLU activation function was applied in between to intro-
duce nonlinear transformations, as shown in Equation (4). The second fully connected 
layer restored the channel count back to 𝐶 and applied a Sigmoid activation function to 
normalize the channel weights within the range [0, 1], obtaining the importance weights 𝛼 for each channel, as shown in Equation (5). Finally, the attention weights were applied 
to the original features through broadcasting, enabling adaptive weighting of feature 
channels, as shown in Equation (6). In this way, the model can dynamically adjust the 
importance of different channels based on the input data. 

1 1 1Re LU( )poolh W x b= +  (4)

2 1 2( )W h bα σ= +  (5)

outx x α= ε  (6)

where h1 represents the output from the first fully connected network, α denotes the chan-
nel importance weights, W1 and W2 are the weight matrices of the two fully connected 
layers, b1 and b2 are the bias terms, 𝜎 represents the Sigmoid activation function, ⊙ de-
notes element-wise multiplication, and xout is the weighted output feature. 

In recent years, several attention mechanisms have been proposed for point cloud 
analysis. PointNet++ employs a hierarchical structure to capture local features at multiple 
scales, but it relies on neighborhood aggregation, which struggles with long-range de-
pendencies. Self-attention mechanisms in Point Transformer models capture global de-
pendencies through pairwise interactions, but their quadratic complexity incurs signifi-
cant computational overhead [40]. Most of them primarily focus on capturing global rela-
tionships among all points, which increases computational complexity and memory 
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usage. In contrast, CAMA-MLP offers a more efficient solution by combining local feature 
aggregation with channel attention. This design allows for dynamic adjustment of feature 
channel importance, addressing the challenge of feature weighting while avoiding the 
high computational cost associated with full self-attention mechanisms. As a result, 
CAMA-MLP achieves both high performance and enhanced computational efficiency. 

(2) Introduction of central point feature 

In feature extraction, the original PointNet++ primarily encodes local geometric in-
formation using the coordinate offsets of sampled points relative to the central point. 
While this method captures basic geometric structures, it has limitations in capturing the 
local semantic information. In this study, while retaining the original relative coordinate 
features, we introduced the central point feature (CPF), allowing the model to better cap-
ture both local and global information of point clouds. 

Farthest Point Sampling (FPS) was used to select central points from the original 
point cloud. In the original model, only the coordinates of the central points were ex-
tracted. Building on this, the study further extracts the features of the central points, pre-
serving more detailed information on key points. According to the uneven distribution of 
branch point clouds, the study replaced the ball query in the original model with k-nearest 
neighbors (KNN) to identify neighboring points around each central point, as shown be-
low: 

( ) { } { }2

1
( ) top-k : ,  1,2,..., , 1,2,...,  

D
d d

i j i j
d

q p P q p k i M j N
=

   = ∈ − ∈ ∈      
 ，  (7) 

where 𝒩(qi) represents the index set of the k-nearest neighbors of the query point qi, P 
denotes all points in the point cloud, and D is the feature dimension of the points (for 3D 
point cloud, D = 3). M represents the number of query points, and N is the total number 
of points in the point cloud. 

After KNN grouping, the coordinates and features of the neighboring points relative 
to the central point were obtained to form the neighborhood features. These features were 
then concatenated with CPF along the channel dimension. The neighborhood features 
continued to encode the local spatial structure, while CPF retained the original attributes, 
such as color and normal vectors. This fusion enhanced the representation of both point 
cloud semantics and global information. 

2.2.2. Point Cloud Annotation and Network Training 

In this study, CloudCompare v2.6.3 software was used to annotate walnut tree point 
clouds, creating a 3D semantic segmentation dataset. The walnut tree was classified into 
three categories: Trunk, Branch, and Calibration, assigned scalar values of 0, 1, and 2, re-
spectively. As shown in Figure 4, the Trunk category includes the central main trunk and 
skeleton branches, while the Branch category represents outer branches–annual shoots 
connected to the trunk or skeleton branches at only one end, which are typically the pri-
mary targets for pruning. Since multi-view image-based reconstruction methods struggle 
to directly capture the object’s scale, and to facilitate branch orientation determination, 
this study placed calibration objects near the tree as scale and orientation references, cat-
egorized as Calibration. The annotating results were saved in TXT format, consisting of 
seven columns: x, y, z, Nx, Ny, Nz and semantic label values. x, y, and z represent the 3D 
coordinates, and Nx, Ny, and Nz represent the normal vector coordinates, creating a seman-
tic segmentation dataset consisting of 100 walnut tree point clouds. In total, 70% was ran-
domly allocated for training, while the remaining 30% was allocated for testing. All ex-
periments were conducted on a computer equipped with an Intel i7-12700KF CPU, an 
NVIDIA GeForce RTX 3060 GPU, and 32GB of RAM running on Windows 10. The 
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network model was developed using PyTorch 1.13.1. The model was trained for 80 
epochs, with a batch size of 64 and an initial learning rate of 0.001. 

 

Figure 4. Annotated examples. (a) Branch. (b) Trunk. (c) Calibration. (d) Segmentation. 

2.2.3. Performance Evaluation 

Overall accuracy (OA), class average accuracy (ACC), and mean IoU (mIoU) were 
adopted to evaluate the performance of the trained Walnut-PointNet for segmenting the 
Trunk, Branch, and Calibration of an individual walnut tree. OA indicates the proportion 
of correctly predicted points, as shown in Equation (8). ACC is the average of the accura-
cies for all categories, assessing the model’s classification precision for each class, as 
shown in Equation (9). mIoU measures the overlap between the predicted and ground 
truth classes. A higher IoU indicates that the model’s prediction is closer to the actual 
target, with the calculation as shown in Equation (10). 

1

1

m
ii

m
ii

TP
OA

N
=

=

= 


 (8)

1

1 m
i

i i

TPACC
m N=

=   (9)

1

1 m
i

i i i i

TPmIoU
m TP FP FN=

=
+ +  (10)

where m is the number of classes and Nj is the number of all points of this class. The TP, 
TN, FP and FN denote true positives, true negatives, false positives, and false negatives, 
respectively. 

2.3. Branch Clustering 

To further identify and separate individual pruned branches, the DBSCAN algorithm 
was employed for clustering analysis of the segmented branch point cloud data. By setting 
a neighborhood radius (ε) and a minimum number of points (MinPts), the DBSCAN al-
gorithm identifies regions with high local density and groups neighboring points within 
these regions into the same cluster. Specifically, when a point’s neighborhood contains a 
sufficient number of points, it is considered a core point, and its neighboring points are 
assigned to the same cluster. Points that are not core points but are adjacent to a core point 
are also included in the cluster. By segmenting the point cloud of different branches into 
distinct clusters based on local density, each branch to be pruned was effectively sepa-
rated. In total, 20 walnut trees were randomly selected, and the clustering results of the 
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pruned branches were compared with the actual number of branches to assess the accu-
racy of the clustering analysis. 

2.4. Pruning Method 

The walnut tree has strong branching ability, easily forming a distinct main trunk 
and canopy structure. The branches exhibit significant apical dominance, leading to the 
formation of upright and vigorous one-year-old branches that grow rapidly. These 
branches are typically long and thin, which may impact the canopy’s ventilation, light 
transmission, and reproductive growth. For dormant walnut trees without leaves, the pri-
mary goal of pruning is to alter the apical dominance, encouraging outward expansion. 
This helps maintain the balance between vegetative and reproductive growth, thereby 
improving the overall health and vigor of the tree [41]. Manual pruning typically relies on 
the subjective experience of fruit farmers, lacking clear and unified pruning standards. 
Through consulting experts and reviewing relevant pruning agricultural guidelines, the 
following pruning rules have been summarized: (1) Retain the smaller, fruit-bearing 
branches from the previous year as much as possible. These branches typically yield more 
fruit and possess higher fruiting potential. This approach supports the optimization of the 
tree’s reproductive growth. By ensuring that the tree continues to fruit from branches with 
the greatest potential, overall yield can be enhanced. (2) A short-cutting approach is usu-
ally applied, focusing on pruning the upright, vigorous branches that grew the previous 
year. These branches often exhibit strong apical dominance, leading to rapid growth and 
suppression of lateral branch development. By shortening these branches, apical domi-
nance is effectively reduced, encouraging the growth of lateral branches and enhancing 
the overall canopy structure. This approach helps maintain a balanced and open tree 
crown. (3) Due to variations in tree vigor, the amount of pruning should be adjusted ac-
cording to the tree’s condition. When the tree is vigorous, excessively strong branches 
drain too many nutrients and energy, hindering the tree’s ability to allocate sufficient re-
sources to the main growth points and fruit development. In such cases, pruning should 
be increased to redirect energy toward the most productive areas for growth and fruiting, 
thus enhancing both yield and fruit quality. Conversely, when the tree is weaker, pruning 
should be reduced to prevent the loss of too many nutrient sources, ensuring sufficient 
support for the next growth cycle. 

2.5. Pruning Points Positioning 

2.5.1. Extraction of Branch Parameter 

After identifying individual pruning branches, key parameters were automatically 
extracted to determine the pruning position. Walnut tree pruning branches are typically 
slender and elongated, with measurements showing that their diameters generally range 
between 9 and 12 cm, exhibiting minimal variation from base to tip. As a result, diameter 
differences were ignored, and branch length was primarily used to determine the pruning 
location. Since pruning branches exhibit an upright and slender morphology, their point 
cloud clusters display distinct characteristics along the main axis. Therefore, Principal 
Component Analysis (PCA) was employed to extract the principal axis direction of the 
point cloud, representing the primary growth direction of the branch by projecting the 
original high-dimensional data into a lower-dimensional space. 

First, the point cloud data were centralized, as shown in Equation (11), by subtracting 
the mean of each dimension from the corresponding feature values to ensure a zero-mean 
distribution. Next, the covariance matrix of the data was constructed and subjected to ei-
genvalue decomposition. The eigenvalues represented the variance of the data along their 
corresponding eigenvectors, with the eigenvector associated with the largest eigenvalue 
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indicating the principal axis direction of the branch point cloud. The calculations are 
shown in Equations (12) and (13). 

'X X μ= −  (11)

1 ' '
1

TH X X
n

=
−

 (12)

Hv vλ=  (13)

where the branch point cloud matrix is denoted as Xn×3, and 𝜇 = ଵ௡  ∑௡௜ୀଵ𝑥௜ represents the 

mean of each column feature. H is the covariance matrix, v denotes the eigenvectors, and 
λ represents the eigenvalues. 

Since branches typically grow obliquely upward, the branch base point, proot, was 
identified as the point with the smallest Z-coordinate. From this base, the point cloud data 
were projected onto the principal axis direction, as shown in Equation (14), where v1 is the 
unit vector of the principal axis. The branch length, 𝑙, was then calculated as the difference 
between the maximum and minimum projection coordinates, as shown in Equation (15). 

root 1( ' )t X p v= − ⋅  (14)

max( ) min( )l t t= −  (15)

Since the walnut tree point cloud was obtained through 3D reconstruction from 
multi-view images, the extracted dimensions of the point cloud did not directly corre-
spond to real-world measurements. To establish the relationship between the real-world 
scene and the reconstructed point cloud, a scale factor must be calculated based on the 
true size of the calibration. This allowed for the extraction of the actual branch parameters 
in the real world. The calculations are shown in Equation (16), where λ represents the 
scale factor, lm0 and lT0 are the extracted and true values of the calibration, and lm and lT 
represent the extracted and actual lengths of the branches. 

0

0

m

T

T m

l
l

l l

λ

λ

 =

 = ×

 (16)

The lengths of 56 branches were randomly selected and manually measured using a 
caliper and tape. The automatically extracted values were then compared with the manual 
measurements, and evaluated using mean absolute error (MAE), as defined in Equation 
(17). 

1

1 n

i i
i

MAE e m
n =

= −  (17)

where n represents the sample size, ei is the extracted parameter value for the 𝑖th sample, 
and mi is the manually measured value for the 𝑖th sample. 

2.5.2. Pruning Points Determination 

To meet the demands of intelligent pruning operations, a quantifiable intelligent 
pruning method needs to be developed, in conjunction with traditional manual pruning 
rules. The one-year-old branches of walnut trees are typically thin and elongated, with 
diameters mainly ranging from 9 to 12 mm, exhibiting minimal variation along the length. 
As a result, pruning positions and amounts were primarily determined by branch length. 
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Walnut trees were classified into the initial fruiting stage and peak fruiting stage accord-
ing to the complexity of their tree structure. Based on experimental findings, branches 
with fewer than 80 were categorized as the initial fruiting stage, whereas those with more 
than 80 were categorized as the peak fruiting stage. The pruning targets were one-year-
old, upright, vigorous branches, and the method involved short-cutting the tips of these 
branches. By reviewing branch characteristics, pruning guidelines, and considering actual 
conditions, the pruning amounts were classified according to branch length, as shown in 
Tables 1 and 2. 

Table 1. Classification of pruned branches for walnut trees in the peak fruiting stage. 

Classification Length Short-Cutting Type Retention Length 
Water sprout Above 70 cm Heavy Retain 40 cm 
Long branch 30–70 cm Medium Retain 30 cm 

Medium branch 15–30 cm Light Retain 15 cm 
Short branch 5–15 cm No - 

Table 2. Classification of pruned branches for walnut trees in the initial fruiting stage. 

Classification Length Short-Cutting Type Retention Length 
Water sprout Above 60 cm Heavy Retain 50 cm 
Long branch 40–60 cm Medium Retain 40 cm 

Medium branch 15–40 cm No  - 
Short branch 5–15 cm No - 

Based on the intelligent pruning rules above, the branches to be pruned were classi-
fied into four types—water sprout, long branch, medium branch, and short branch. Each 
classification was assigned a specific short-cutting type and pruning length for precise 
localization of pruning points. Since trees in the initial fruiting stage have just started to 
bear fruit, they require lighter pruning. The medium branch was preserved to promote 
balanced growth and facilitate the development of future fruit-bearing branches, thereby 
ensuring a healthy structure that enhances fruit production. Additionally, the system out-
puts the branch parameters and pruning types for each point cloud cluster, offering de-
tailed information for subsequent analysis. 

3. Results 
3.1. Semantic Segmentation Result 

3.1.1. Ablation Experiments for Method Effectiveness Verification 

As an optimized version of the original PointNet++, an ablation study was conducted 
to validate the effectiveness of each component in the proposed optimization method. The 
study compared the performance of models with different components under the same 
experimental environment, including: (1) PointNet++ (baseline); (2) model with only 
CAMA-MLP; (3) model with only CPF; (4) Walnut-PointNet (ours). Figure 5a shows the 
training curve of PointNet++. The loss curve increased with the number of epochs, indi-
cating overfitting during the training process. Additionally, its OA, ACC, and mIoU met-
rics fluctuated around lower values without significant improvement, suggesting that the 
model struggled to learn and generalize effectively to the walnut tree point cloud dataset, 
exhibiting poor adaptability. Figure 5b–d further compare the OA, ACC, and mIoU curves 
of different models during training and evaluation. Each component of CAMA-MLP and 
CPF individually improved the model’s performance. With the combined effect of 
CAMA-MLP and CPF, Walnut-PointNet significantly outperformed other models across 
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all metrics, converging around 50 epochs, demonstrating faster convergence and greater 
stability. 

 

Figure 5. Comparison of different models during training in ablation study. Training and eval rep-
resent the training curve and evaluation curve, respectively. (a) shows the training curve of Point-
Net++; (b–d) represent the OA, ACC, and mIoU curves of different models, respectively. 

To further evaluate the performance of different models in the ablation study, a com-
parison was conducted on four models using the test dataset. Table 3 presents the OA, 
ACC, IoU for different classes, and mIoU for each model on the test set. The results 
showed that the baseline model, PointNet++, performed poorly across all metrics, indicat-
ing its limited feature extraction capability on the complex walnut tree point clouds. In 
contrast, incorporating CPF and CAMA-MLP components significantly improved the 
model’s segmentation accuracy. Walnut-PointNet achieved the best performance across 
all evaluation metrics, with an OA of 93.39%, an ACC of 95.29%, and an mIoU of 0.912, 
representing improvements of 21.1%, 34.95%, and 53.79%, respectively, compared to the 
original PointNet++ model. These results demonstrated that the optimization strategy ef-
fectively enhanced segmentation performance on walnut tree point clouds. 

Table 3. Comparison of different models in tests in ablation study. 

Model OA ACC IoU1 IoU2 IoU3 mIoU Epoch 
PointNet++ 77.12 70.61 0.650 0.608 0.520 0.593 80 
with CPF 86.41 88.26 0.819 0.764 0.916 0.833 80 

with CAMA-MLP 87.54 88.79 0.831 0.804 0.909 0.848 80 
Walnut-PointNet (ours) 93.39 95.29 0.887 0.853 0.995 0.912 80 
Note: Bold indicates the best performance. IoU1, IoU2, and IoU3 represent the IoU values for the 
Trunk, Branch, and Calibration categories, respectively. 

3.1.2. Branch Segmentation Evaluation and Visualization 

Figures 6 and 7 present the segmentation results for the entire walnut tree and for 
specific branch areas. From the results in Figures 6b and 7b, it was evident that PointNet++ 
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suffered from significant errors in branch segmentation, leading to noticeable misclassifi-
cations in certain areas. The model struggled with dense branches, particularly at the top 
of the canopy, where branches and the trunk were not correctly distinguished. This caused 
entire branch clusters and their connecting skeleton branches and trunks to be incorrectly 
classified as the same category. In contrast, Figures 6c and 7c showed that Walnut-Point-
Net outperformed PointNet++ in segmenting the trunk and branches, with its segmenta-
tion results closely matching the manually labeled dataset. Walnut-PointNet achieved 
more accurate segmentation, especially at the junctions between branches and the trunk, 
as well as in dense canopy areas, effectively reducing misclassifications between the two. 
Moreover, Walnut-PointNet captured more intricate branch details, ensuring accurate 
identification of even smaller branches and preventing errors caused by branch merging. 

 

Figure 6. Segmentation visualization of the entire walnut tree. (a) Original point cloud, (b) Point-
Net++, (c) Walnut-PointNet (ours), and (d) the ground truth (labeled). Green, blue and red represent 
the classes of Trunk, Branch and Calibration, respectively. In (b), the areas outlined in red indicate 
significant segmentation failures. 

 

Figure 7. Segmentation visualization of local branches. (a) Original point cloud, (b) PointNet++, (c) 
Walnut-PointNet (ours), and (d) the ground truth (labeled). In (b–d), blue and red represent the 
classes of Trunk and Branch, respectively. 
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3.2. Analysis of the Clustering Result 

DBSCAN algorithm was used to cluster the segmented pruning branches in order to 
extract individual branches. In this experiment, the neighborhood radius was set to 0.01 
m, and the minimum points threshold was set to 10. In total, 30 trees were randomly se-
lected for the clustering analysis. The final clustering output consisted of two categories: 
branch clusters and noise clusters. The noise clusters were treated as invalid data. For the 
branch clusters, each cluster was considered an individual pruning branch and assigned 
a random color for distinction. The clustering results, shown in Figure 8, demonstrated 
that most branches were successfully clustered and clearly distinguished. 

 

Figure 8. Clustering of walnut tree pruned branches. (a) Walnut tree with 65 branches (initial fruit-
ing stage); (b) walnut tree with 158 branches (peak fruiting stage). 

However, the complex structure of walnut trees, with densely arranged and interwo-
ven branches, presents significant challenges in clustering individual branches. Figure 9 
illustrates typical examples of erroneous clustering. The intersection of branches may 
cause adjacent branches to be incorrectly assigned to the same cluster (Figure 9a–c). Sim-
ilarly, for branches growing close together on the same primary branch, DBSCAN might 
misclassify them as one cluster due to their small basal spacing, incorrectly grouping mul-
tiple branches (Figure 9d–f). Additionally, gaps in the branch point cloud may cause 
points from the same branch to be split into separate clusters (Figure 9g,h). These factors 
affected the accuracy and reliability of the clustering process. Despite these errors, the 
method still effectively identified and separated the most branches. Figure 10 demon-
strates the relationship between the clustered pruning branches and the actual number of 
branches. Most points fell within the 95% confidence interval, and the coefficient of deter-
mination (R2) was 0.936, indicating strong consistency between the clustering results and 
the actual values. Overall, this study successfully detected and clustered most pruning 
branches, laying a foundation for subsequent pruning point localization. 
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Figure 9. Examples of clustering errors. (a–c) Intersecting branches. (d–f) Branches connected at the 
base. In (g) and (h), branches are mistakenly split into two clusters. 

 

Figure 10. Comparison between the clustered branch count and the actual branch count. 

3.3. Results of Branch Parameter Extraction 

The comparison between the automatic extraction values and manual measurements 
for branch lengths in the short-growth branch group (long, medium, and short branches) 
and water sprout is shown in Figure 11. The branch lengths in the short-growth group 
ranged from 100 to 700 mm, with an MAE of 28.04 mm and an R2 value of 0.971, indicating 
high accuracy in the automatic extraction method. In contrast, water sprouts had a 
broader length range of 700 to 1500 mm, with an MAE of 50.11 mm and an R² value of 
0.959. Although the MAE for water sprouts was slightly higher than that of the short-
growth branch group, the relative error remained reasonable due to the longer length of 
the water sprouts, still meeting the requirements for pruning operations. Compared to 
traditional manual pruning, which relied on visual estimation and experience, this 
method offered smaller errors and accurately extracted branch lengths across a broader 
range, enhancing the precision of intelligent pruning operations. 
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(a) (b) 
Figure 11. Comparison of automatically extracted and manually measured values of pruning branch 
length. (a) Short-growth branch group (long, medium, and short branches). (b) Water sprout. 

3.4. Results of Pruning Points Positioning 

Based on the pruning rules, branches were classified by length, and the correspond-
ing pruning point positions were determined for each type. The pruning points were as-
signed different colors based on the pruning type and added to the output point cloud for 
visual display and quantitative assessment, as shown in Figure 12. 

 

Figure 12. Identification of pruning points in walnut trees with different levels of complexity. Note: 
Red points indicate pruning points for water sprouts, green points for long branches, and blue 
points for medium branches. Purple points indicate short branches, which are not pruned. (a) rep-
resents the initial fruiting stage, (b,c) represent the peak fruiting stage. 

In total, 10 walnut trees were randomly selected to compare the predicted result with 
the actual result (based on manual experience and annotations from agricultural experts), 
as shown in Figure 13. The average pruning point identification success rate was 89.33%. 
For walnut trees with complex structures, there was a certain discrepancy between the 
predicted and actual pruning point numbers. However, for most walnut trees, the predic-
tion success rate for pruning points was high, especially for Tree 1 and Tree 4, where the 
success rates reached 94.83% and 92.75%, respectively, indicating good accuracy. 
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Figure 13. Pruning points identification results. 

To further evaluate the accuracy of pruning point localization, the predicted pruning 
point positions were compared with the actual manual pruning results, as shown in Fig-
ure 14. The results indicated that the predicted pruning points generally aligned with the 
actual manual pruning locations, and the post-pruning tree structure was similar, indicat-
ing the method’s effectiveness in facilitating pruning decisions. Although tree pruning 
lacks strictly fixed rules, and differences in experience and judgment may lead to varia-
tions among different pruners, the pruning point localization method proposed in this 
study still demonstrated high accuracy and consistency, further validating its feasibility. 

 

Figure 14. Comparison of predicted pruning points with actual manual pruning. (a) Photo of the 
walnut tree before pruning. (b) Photo of the walnut tree after actual manual pruning. (c) Predicted 
pruning points. (d) Walnut tree after actual manual pruning. 

4. Discussion 
The study results revealed that the proposed method performed excellently in prun-

ing branch identification and pruning point localization, demonstrating high accuracy. 
The following sections describe the effects of various factors on the results and the ad-
vantages and limitations of the method for practical applications. 

4.1. Accuracy and Effects of Branch Semantic Segmentation 

Our proposed Walnut-PointNet outperformed the baseline model PointNet++ and 
models with individual optimization components on the walnut tree point cloud dataset, 
demonstrating the effectiveness of the proposed optimization strategies. The experi-
mental results showed that PointNet++ suffered from overfitting during training due to 
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its limited feature extraction capability, resulting in low segmentation accuracy on the test 
data, with an mIoU of only 0.593. The possible reasons were as follows: The walnut tree 
point cloud was divided into three categories—Trunk, Branch, and Calibration. The trunk 
and skeleton branches usually occupied larger spatial regions with higher point cloud 
density, while pruning branches had fewer points that were more sparsely distributed. 
Calibration objects had even fewer points. This imbalance in distribution affected the 
model’s feature extraction, causing it to lean toward the Trunk categories during training. 
Additionally, PointNet++ employed a random sampling strategy for point cloud data pro-
cessing, which can lead to under-sampling of minority categories. This weakened the 
model’s ability to learn features from underrepresented categories, making it harder to 
generalize on imbalanced datasets. Moreover, the high geometric similarity between the 
trunk and branches made it more difficult to distinguish between categories. 

In the optimization strategy, we utilized the KNN grouping method, which enabled 
the model to adaptively select neighboring points during feature extraction. This allowed 
the model to better capture the local structural features of the sparsely distributed pruning 
branch category, improving its ability to handle imbalanced data. Additionally, we incor-
porated CAMA-MLP, which leveraged a channel attention mechanism to strengthen the 
extraction of key features. The model can adaptively adjust the weights of each channel, 
enabling it to focus more precisely on the differences between categories, thereby enhanc-
ing the accuracy of feature extraction. Compared to the original PointNet++ model, which 
relied solely on relative coordinates for feature representation, we introduced the central 
point feature during the feature extraction process. This integration of geometric and se-
mantic information allowed for a more comprehensive representation of both local and 
global semantic features. 

Branch segmentation in individual trees was more challenging due to the morpho-
logical similarity of branches, requiring higher accuracy compared to semantic segmenta-
tion of individual trees in forest scenes [42,43]. Overall, our optimized model achieved 
significant improvements in segmentation accuracy and generalization on the walnut tree 
dataset, particularly in handling unevenly distributed and complexly shaped pruning 
branches. It can more precisely capture the local structural features of such branches, 
demonstrating superior robustness and adaptability. 

4.2. Reliability and Effects of Pruning Points Positioning 

The pruning point localization method proposed in this study is closely aligned with 
actual manual pruning results. While manual pruning lacks a unified quantitative stand-
ard and relies more on expert judgment, we simplified and adjusted the traditional rules 
to make them compatible with intelligent algorithms. The overall goal is to control the 
pruning amount based on branch length, ensuring that the pruning position falls between 
one-half and two-thirds of the length of vigorous branches, which serves as a key factor 
in expert judgment. The identification of all pruning branches and localization of pruning 
points for the entire walnut tree can be completed in about 16 s. Compared to methods 
based on local depth images [29], this approach offers a wider recognition range and 
greater overall efficiency. 

The final pruning point localization success rate reached 89.33%. The unsuccessful 
cases were primarily influenced by the following factors: (1) Due to the morphological 
similarity of branches, some pruning branches may have been misclassified as the main 
trunk during the semantic segmentation. (2) The densely arranged and interwoven 
branches may lead to incorrect branch association during the clustering process. Specifi-
cally, when adjacent branches cross or grow close together, their intersecting points or 
small basal spacing may cause them to be incorrectly grouped as a single branch. Future 
work could explore more refined clustering techniques, such as considering the angle of 
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inclination or spatial distance between branches to better differentiate adjacent branches. 
Additionally, integrating spatial topology information or skeleton extraction could en-
hance the understanding of the spatial relationships and positions of branches. (3) There 
were some errors in branch length extraction. This study estimated length based on the 
primary axis direction of the branches; however, the dense distribution and complex 
structure of walnut tree branches, along with some branches growing in a curved pattern, 
may have caused extraction inaccuracies. Despite these challenges, the proposed method 
achieved a higher accuracy compared to the skeleton extraction-based pruning point lo-
calization method for apple trees [17]. This study determined pruning points through 
global 3D point cloud analysis, offering enhanced comprehensiveness and spatial con-
sistency compared to methods that depend on local RGB and depth images of fruit trees 
[29,37]. The global 3D point cloud can fully capture the tree structure, mitigating recogni-
tion biases caused by limited local information. 

4.3. Summary and the Future Work 

In summary, the study offers the following advantages in intelligent pruning tech-
nology for walnut trees: In terms of point cloud semantic segmentation, we proposed the 
WalnutPointNet model, specifically designed to address the unique characteristics of wal-
nut trees for precise pruning branch identification. Additionally, we developed a pruning 
point localization algorithm based on walnut tree pruning guidelines. Compared to exist-
ing methods based on 2D images, our approach captured richer 3D information. Further-
more, compared to methods using depth cameras to acquire depth data, it provided more 
accurate and comprehensive spatial structural information, without being limited by dis-
tance thresholds. 

Of course, this study also has several limitations, as mentioned above. Firstly, future 
research will further optimize parameter extraction methods by incorporating branch 
characteristics, such as curvature and diameter, to enhance recognition and localization 
accuracy. In addition, the pruning rules can be further enhanced by incorporating addi-
tional factors, such as detecting dead branches, thereby broadening the scope of pruning 
targets. This will necessitate the construction of more diverse datasets. Moreover, due to 
seasonal factors, we have not been able to conduct a more accurate quantitative evaluation 
of actual pruning, as pruning only occurs once a year. In future research, we plan to ex-
pand the ground truth data provided by experts to more effectively evaluate the perfor-
mance of the algorithm and ensure a more comprehensive assessment. Furthermore, the 
system has been successfully implemented for identification purposes currently. To con-
duct field testing for practical applications, further research is needed to integrate the al-
gorithms with robotic arms, end-effectors and path-planning components to perform ac-
tual pruning operations. Finally, future research could apply the approach to other fruit 
tree varieties, thereby broadening the scope of the study and increasing its applicability 
in agriculture. 

5. Conclusions 
This study proposed a method for identifying pruning branches and locating prun-

ing points in walnut trees using 3D point cloud semantic segmentation. The deep learning 
method was employed to segment the tree into three categories—Trunk, Branch, and Cal-
ibration—enabling pruning branch identification. Additionally, pruning branch lengths 
were extracted, and pruning point locations were determined according to established 
pruning rules. The specific conclusions of this study are as follows: 

(1) By optimizing the original PointNet++ model, incorporating CAMA-MLP with a 
channel attention mechanism, and adding central point features, we proposed the Wal-
nut-PointNet model. On the walnut tree point cloud dataset, the OA, ACC, and mIoU 
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reached 93.39%, 95.29%, and 0.912, respectively. Compared to PointNet++, these values 
improved by 21.1%, 34.95%, and 53.79%, significantly enhancing the accuracy of walnut 
tree point cloud segmentation and pruning branch identification. 

(2) Pruning rules were established based on the characteristics of walnut tree 
branches. Ignoring variations in branch diameter, pruning branches were categorized into 
long, medium, and short branches and water sprouts based on their lengths, with specific 
pruning quantities assigned to each category. 

(3) Clustering analysis was applied to extract individual pruning branches, and PCA 
was used to extract branch length parameters. Compared to manual measurements, the 
length extraction values for the short-growth branch group (long, medium, and short 
branches) with a length range of 100 mm–700 mm, and the water sprouts group (length 
range 700 mm–1500 mm), achieved R2 values of 0.971 and 0.959, with MAE of 28.04 mm 
and 50.11 mm, respectively. This demonstrated that the proposed method provided high 
accuracy in extracting length parameters. 

(4) The pruning branch type was determined based on the extracted branch length, 
and the pruning point location was identified accordingly. The average success rate of 
pruning point recognition reached 89.33%, and the post-pruning tree shape was consistent 
with the manual pruning results. The total time for pruning branch recognition and prun-
ing point localization for the entire tree was approximately 16 s. 

(5) This approach successfully enabled accurate identification of pruning branches 
and localization of pruning points, providing support for intelligent pruning decisions in 
walnut trees. Moreover, it offered a novel solution for smart pruning techniques in fruit 
trees. 
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