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[bookmark: OLE_LINK26][bookmark: OLE_LINK27]An Unequal Learning Approach for 3D Point Cloud Segmentation
[bookmark: OLE_LINK36][bookmark: OLE_LINK37]Abstract—Object segmentation for three-dimensional point clouds plays a critical role in autonomous driving, robotic navigation, and other computer version applications. In object segmentation, all points are considered to be equal of importance in the literature. However, unequal cases exist and a segmentation boundary is mainly determined by neighbor points. To investigate point inequivalence, an unequal learning approach is proposed to integrate gene expression programming (GEP) and a deep neural network (DNN). GEP is designed to discover the inequivalent function, which measures the importance of different points according to the distances to the segmentation boundary. A cost sensitive learning method is improved to guide the DNN to obtain the loss of different points unequally with the discovered inequivalent function during model training. The experimental results reveal that point inequivalence with respect to boundary distance exists and is helpful to improve the accuracy of object segmentation.
[bookmark: PointTmp][bookmark: OLE_LINK31][bookmark: OLE_LINK32]Index Terms—object segmentation, point inequivalence, point cloud, gene expression programming.
[bookmark: OLE_LINK70][bookmark: OLE_LINK71]INTRODUCTION
[bookmark: _Hlk15404652]W
[bookmark: OLE_LINK16]ITH the wide application of laser scanning, depth cameras and other data cloud collecting technologies in the Industry 4.0 era, segmentation for three-dimensional (3D) point clouds has become a critical research topic in industrial big data analytics [1]. Point cloud segmentation aims to separate point cloud data into several labeled objects with a segmentation boundary [2] (as shown in Fig. 1-a). For example, in the manufacturing of air rudders, the skin and skeleton must be welded together, as shown in Fig. 1-b. To plan the welding path, a laser scanner is usually adopted to obtain the point cloud of air rudders. Then, the skin is separated from the point cloud, and the key points on the boundary of the skin and skeleton are identified. Based on this information, the welding path can easily be determined through the matching of key points. 3D point cloud segmentation is an important and fundamental function in industrial scenarios, including automatic driving [3], online navigation of mobile robots [4], and product quality testing [5].

Fig. 1. The object segmentation of 3D point clouds
The main challenges faced in 3D object segmentation are as follows. First, a data cloud contains a set of data points. During object segmentation, the models must remain independent of the point order and extract the boundary information from the unordered raw data cloud [6]. Second, not all the points in a data cloud are isolated, and some neighboring points form a meaningful subset, which affects the segmentation accuracy. Hence, the model needs to capture the local topography from nearby points, which are recorded in an unordered data cloud file [7]. Third, different geometric features can be extracted from different orientations of point clouds. That requires the segmentation model to be effective in extracting geometric features from different directions [8]. Fourth, each data point in a data cloud contributes unequally to the segmentation accuracy. In object segmentation, points near the segmentation boundary are usually regarded as much more important than those far from the boundary.
With the development of learning technologies [9], [10], the deep neural network (DNN), which can extract features from the raw 3D point clouds [11], has been widely used for visual feature extraction because of its advantages over manually crafted solutions in most point cloud analysis and understanding tasks. Recently, some pioneering studies have addressed unordered point clouds (e.g., PointNet [12], PointCNN [13], PointConv [14]) with local topography (e.g., PointNet++ [15], SpiderCNN [16]) in different orientations (e.g., PointSIFT [17]). Despite the application of such deep learning methods to 3D point cloud analysis, consensus about how to account for the inequivalence of each point is limited. Accurate segmentation depends on a few points near the boundary. Thus, the influence of points on the segmentation accuracy varies depending on the distance to the boundary. Current methods consider each point equally and may misdirect the model training. Moreover, the investigation of data inequivalence is a critical computational and physical issue in big data analytics [18][19] to reveal the quantitative relation between data points.
[bookmark: _Hlk29560214]This paper investigates the influence of each point on the segmentation accuracy for the whole point cloud quantitatively. The inequivalence functions are represented and discovered to describe the relationship between the importance of each point and boundary distance. Based on these functions, a cost-sensitive neural network is designed for segmentation learning with consideration of point inequivalence.
The rest of this paper is organized as follows: Section 2 reviews the state-of-the-art of point cloud segmentation. Section 3 describes the proposed Gene Expression Programming (GEP)-PointNet model for unequal learning approach for point cloud segmentation. Next, experiments and discussions are presented in section 4. Finally, conclusions and future work are summarized.
[bookmark: _Toc516228900]Related Works
[bookmark: _Toc516228901][bookmark: OLE_LINK1][bookmark: OLE_LINK2]Classic point cloud analysis methods
[bookmark: OLE_LINK48][bookmark: OLE_LINK49][bookmark: _Toc516228902][bookmark: OLE_LINK19][bookmark: OLE_LINK18]In recent years, 3D object segmentation methods have been received substantial attention, which can be classified as border-based methods, contact surface-based methods, region-based methods, and attribute-based methods.
Border-based methods consider that boundary regions always have abrupt changes in normal vector or curvature. Border-based methods can achieve good segmentation performance for point clouds with sharp boundaries [20]. However, such methods are sensitive to noises and only the local features of the point cloud are considered in the process of determining the segmentation boundary. Thus, it is difficult to determine the boundary of a smooth curved surface with small deformation.
Contact surface-based methods consider that the points in the same segmentation region are more closely connected than the points in different segmentation regions. So the boundaries of the two segmentation regions have the weakest connections [21]. In these methods, the segmentation process is realized by recurrently adjusting the segmentation regions by minimizing the contact surface of different regions. Methods based on a graph can segment point cloud data in complex scenes and achieve good segmentation results for point cloud data with uneven density and noise.
Region-based methods divide points with the same basic geometric characteristics into the same region [22], [23]. Chen et al. [24] proposed a top-down region-based method to first classify all points into the same surface and then subdivide the whole surface into several parts. Then, the surface intersection points are searched and clustered into component segment boundaries. The subdivision continues until the fitting error is higher than the set threshold. Region-based segmentation methods are well-suited for the segmentation of quadric surfaces. Furthermore, the segmentation performance of region-based methods depends on the selection of seed points and the value of the threshold.
Attribute-based methods segment the point cloud into several parts by measuring the point attributes (e.g. coordinate value, normal vector, and curvature) and clustering the point cloud according to the calculated attributes [25], [26]. The attribute-based methods are flexible and accurate, but the optimal attributes are difficult to design for segmenting various objects.
Deep learning methods 
[bookmark: _Hlk36475999]Recently, deep learning methods have been regarded as a potential approach for point cloud classification and segmentation tasks. The 3D ShapeNets [27], volumetric and multiview convolutional neural networks (CNNs) [28] are pioneering methods for analyzing 3D point clouds with DNNs. To address unordered point clouds directly, PointNet introduces an order-independent structure (max pooling) into the CNN. In PointNet, a transform unit is adopted to adjust the orientation of the point cloud model through affine transformation. To address the irregular and unordered point clouds, PointCNN [13] weights the input features associated with the points and sorts the points into a latent and potentially canonical order via an X-transformation. To further capture the local topography at different scales, the PointNet++ [29] implements a hierarchical neural network that applies PointNet recursively on a nested partitioning of the input point set to learn local features with increasing contextual scales. The normal vector is a critical local topography indicator that takes the average normal vectors of a 3D model into consideration. Octree-based CNN [30] represents the input shape with an octree and feeds the averaged normal vectors stored in the finest leaf octants to the CNN as input. To describe the features from different orientations, PointSIFT [17] applies the scale-invariant feature transform (SIFT) method to detect dominant orientations for rotation invariance and comprehensively represent point patterns in different orientations. To consider the neighbor features, FeaStNet [31] is designed with graph convolutions to establish correspondences between filter weights and graph neighborhoods in 3D shape analysis. To capture the local geometry feature, Wang et. al. [32] designed a SGPN model to measure the similarity between each pair of points in the embedded feature space. Based on the SGPN model, Xu et al. [33] proposed a graph CNN to extract local geometric features in cluttered scene trained by synthetic data to achieve higher accuracy.
[bookmark: _Hlk54212289]To enhances the feature extraction ability of deep neural networksDNN, the attention mechanism with weighting data representation process adaptively has achieved amazing good performance in point cloud segmentation. In the point cloud segmentation fieldThus, Kingkan [34] proposed a neural network with attention modules, which uses gather and scatter operations to sample the most informative points in the feature space, realizing the prediction for dynamic gestures only usingbased on point cloud data. Wang [35] presented a novel graph attention convolution (GAC) with learnable kernel shapes. By assigning proper attentional weights to different neighboring points, GAC is designed able to selectively focus on the most relevant part of them according to their dynamically learned features. Lei [36] designed a graph convolutional network architecture SegGCN with separable fuzzy spherical convolution for 3D semantic segmentation, which can segment over a millions of points per second with high accuracy. In SegGCN, the fuzzy kernel function can be regarded as a type ofadopted as an attention mechanism to associate each the neighbor points.	Comment by Ray Zhong: I cannot get it.
Analysis and motivation
Based on the above brief literature review, some research gaps could be identified as follows:
1) Classic point cloud analysis methods have many limitations on the surface, density, region features, and point attributes of point clouds, which have difficulties in complex object segmentation.
2) Deep learning methods are promising to segment objects from complex point clouds. Usually it is presumed that the segmentation errors of all points have equal costs, but in practice this assumption often fails. The error cost of points near to the segmentation boundary may drastically differ from other points.
3) According to Tobler's First Law of Geography, “All things are related, but nearby things are more related than distant things”. The inequivalence about boundary distance is an important physical issue in point cloud segmentation problems. Current attentions obtained by current studiesfrom literature are usually evaluated inplaced upon neural networks (so-called black-box model), whose physics meaning is hard to explain. Studies on inequivalence about boundary distances are scarcely reported.
Hence, tThis paper aims to investigate the inequivalence in 3D point cloud segmentation, which consists of two parts: evaluating the inequivalence and applying the inequivalence in segmentation. An inequivalence evaluation is a function discover problem modeling the relationship between boundary distance and importance of points are represented with an inequivalent function. With the obtained inequivalent function, a cost sensitive learning is designed to improve the segmentation accuracy. 
[bookmark: _Hlk53164634]Among the function discovery algorithms, GEP integrates the linear structure of genetic algorithm (GA) with a tree structure of genetic programming (GP) to obtain a genotype and phenotype representation of genetic information [37], which contains seven genetic components: population initialization, fitness evaluation, selection, crossover, mutation, transposition, and termination criterion. GEP uses a fixed-length of character strings to build a chromosome, which is afterwards expressed to be discovered functions by parse trees of different sizes and shapes when evaluating their fitness. Unlike canonical GP, it is the chromosomes of the individuals, not the expression trees that are reproduced with modification and transmitted to the next generation in GEP. As a result, the search space is separated from the solution space, which can result in benefits such as an unconstrained search of the genome space [38]. GEP has been extensively applied in subspace weighting [39], correlation mining [40], and fault diagnosis [41]. Given the impressive results for function discovery tasks of GEP, such descriptors are expected to also be effective in discovering the inequivalent function. Therefore, the GEP method is improved to represent and evolve inequivalent functions to cope with the inequivalence evaluation.
To consider the inequivalence in 3D point cloud segmentation, the inequivalent segmentation method works as follows:
1) Calculate the boundary distance for points in point clouds.
2) Train the segmentation model (PointNet) inequivalently with an iterative process. In each loop iteration, operations are conducted as follows:
(1i) Genetic manipulations in the GEP method are carried out to obtain the candidate inequivalent functions. The importance of each point can be evaluated by a candidate inequivalent function with the boundary distance.
(2ii) With each obtained inequivalent function, a cost sensitive learning method is implemented to train the segmentation model. During model training, the evaluated importance of each point is taken as the penalty cost during back propagation. The loss function weights different penalties to guide the segmentation model to learn the inequivalence of points to achieve better segmentation.
(3iii) If the termination criterion of the number of iterations is met, the inequivalent function and the inequivalent PointNet model can be obtained.
3) The point clouds can be segmented with the trained inequivalent PointNet model.
[bookmark: _Toc516228904][bookmark: _Toc516228903]The GEP-PointNet for inequivalent object segmentation
[bookmark: _Hlk30180504]This section introduces the GEP-PointNet method designed for inequivalent object segmentation, which includes three parts: the definition of the inequivalent function, the GEP-based inequivalent function discovery, and cost-sensitive learning for object segmentation. With the obtained inequivalence function, the importance of each point to segmentation performance can be calculated. In cost-sensitive model training, the importance of each point is used as a penalty attached to the segmentation loss to guide the model to learn the inequivalence to achieve higher segmentation accuracy.
[bookmark: OLE_LINK6]The definition of inequivalent function
In this section, the inequivalence caused by boundary distance is investigated and defined. The relationship between the importance of a data point and the boundary distance is defined by an inequivalent function, as formulated:
[bookmark: _Hlk36478368]	(1)
where  is the boundary distance of the  data point, and  is the importance of the  data point. In this paper, the boundary distance  of the  data point to the segmentation boundary can be estimated by minimizing the distance to the points in other objects, since the segmentation boundary is unknown during the distance calculation. For example, a point cloud involves two objects named  (containing  points) and  (containing  points), as illustrated in Fig. 2. The boundary distance  in a two-object segmentation problem can be formulated as follows.
	(2)
where  is the boundary distance of the  data point, and  is the distance between the  data point (belonging to object ) and the  data point (belonging to object ). 
Furthermore,  is the inequivalent function, which measures the importance of the  data point according to . In this paper,  is determined in the evolution process of the GEP method to achieve the highest fitness value: .  is the fitness value of chromosome  in GEP, which is defined in equation (3), and  is the boundary distance of the data point to the nearest segmentation boundary.


Fig. 2. An example for boundary distance evaluation
[bookmark: OLE_LINK9][bookmark: OLE_LINK10]GEP-based inequivalent function discovery
In this section, a GEP-based method is proposed to discover the inequivalent function. The procedure of the proposed approach, which is illustrated in Fig. 3, includes eight parts: population initialization, fitness evaluation, selection, crossover, mutation, transposition, termination criterion and inequivalent function creation.

[bookmark: OLE_LINK4][bookmark: OLE_LINK5]Fig. 3. The GEP-based inequivalence function discover	Comment by Ray Zhong: I think the two arrows for Fitness evaluation could be revised with a dash line without any arrows. It is better to keep the hight of the right dash rectangular as the same as the left part. The ‘boundary distance calculation’ could be put vertically.

1） [bookmark: _Hlk22018254][bookmark: OLE_LINK11][bookmark: OLE_LINK12]Population initialization
[bookmark: _Hlk22018527]During population initialization, each chromosome in a population is initialized to be  randomly chosen genes from the gene pool of the head, and one terminator is randomly selected for the tail. This process is repeated  times to obtain all chromosomes in the population, where  is the size of the population. The initial population is defined as follows: , where  is the  chromosome consisting of k genes. Each chromosome consists of a head and a tail. The head is composed of fundamental genes and terminals, and the tail is composed of only terminals. Eight fundamental genes are defined for chromosome construction, namely, +, -, *, /, sin, cos, e, and ln. Two terminators are selected to close the gene expressing “x,?”, where “x” means gene expression should be terminated directly and “?” indicates that gene expression should be completed by adding a constant value.
2） Fitness evaluation
During the fitness computation, each chromosome can be decoded into an inequivalent function that describes the importance of each point. For example, chromosome  can be decoded into function . Then, the obtained inequivalent functions are used for importance evaluation in cost-sensitive model training, as described in section III.C. The trained models can be used to estimate the fitness value  of chromosome  in terms of the mean accuracy of the 3D point cloud segmentation, as follows:
[bookmark: _Hlk22018901]	(3)
where  refers to the segmentation accuracy obtained in the  point cloud by the segmentation model trained via cost-sensitive learning with the inequivalent function decoded by .  is the quantity of point cloud models for the performance evaluation. is the total quantity of points belonging to the  point cloud.  is the quantity of points in the  point clouds that are accurately segmented by the PointNet model trained by cost-sensitive learning with the inequivalent function decoded by .
3） Selection operator
[bookmark: _Hlk22117700]The selection operator chooses suitable chromosomes for the crossover operator according to the fitness value, which is measured for each chromosome according to equation (3). Then, roulette wheel selection [42] is performed to select chromosomes with selected probability , as follows:
	 	 (4)
where  is the fitness value of chromosome  according to equation (3) and  represents population size.
4） Mutation operator
For better exploitation, the mutation operation is performed to replace a gene of a chromosome according to the mutation rate . The gene mutation process is formulated in equation (5). If the mutation position is selected at the head of the chromosome, the gene will be replaced by the head characters and terminals randomly. If the head is not selected, the gene will be replaced by the terminal characters randomly.
		(5)
where  is the  gene in chromosome ,  is a gene that is randomly selected from both the head and tail gene elements, and  is a gene that is randomly selected from the tail.
5） Crossover operator
The crossover operation in GEP includes three steps: one-point crossover, two-point crossover and gene crossover. In one-point crossover, two chromosomes exchange two equal-length gene fragments from a randomly selected gene to the end. Two-point crossover randomly selects two genes and exchanges the in-between gene fragments of two chromosomes. Gene crossover exchanges a pair of randomly selected allelic genes of two chromosomes to form two progeny chromosomes. During the crossover operation, one-point crossover is conducted with probability of . Then, two-point recombine is performed with probability . Finally, gene crossover is performed with probability .
6） Transposition
Transposition includes three steps: insertion sequence (IS) transposition, root insertion sequence (RIS) transposition and gene transposition. For each chromosome, IS transposition randomly copies a gene fragment and inserts the fragment into itself at a randomly assigned position on the head (except for the first position), and the later genes are shifted backwards. Any code longer than the length of the head is truncated. In contrast to IS transposition, RIS transposition specifically inserts a randomly copied gene fragment at the beginning of a chromosome. To maintain the validity of a chromosome, the first gene of the copied fragment should be an operative symbol selected from eight fundamental genes. The original genes of the head move backwards in turn, and excess genes of the head are deleted. Finally, gene transposition randomly copies a single gene from a chromosome and inserts the copied gene into the head of the chromosome.
7） Termination criterion
GEPs are designed to evolve the population generation by generation and maintain the convergence as well as diversity characteristics within the population. A maximum number of generations is set to be a termination condition of the algorithm. In this implementation, we consider the solutions to converge when the best fitness value remains unchanged over the past 30 generations [43]. The algorithm terminates either when it reaches the maximum number of generations or when it meets the convergence condition.
8） Inequivalent function creation
Eventually, the optimization process ends when the termination criterion is satisfied. The best individual is obtained from last generation and decoded to be the inequivalent function.
[bookmark: _Hlk30167214]Cost-sensitive learning for object segmentation
[bookmark: OLE_LINK20][bookmark: OLE_LINK21]To evaluate the fitness of each chromosome, a cost-sensitive segmentation model is designed to estimate the segmentation accuracy. First, the segmentation model is introduced for cost-sensitive learning. Then, the importance of each point is assigned individually in model training according to the obtained inequivalent function. Finally, the accuracy of the trained model is evaluated.


Fig. 4. The architecture of the PointNet

1） PointNet model
[bookmark: OLE_LINK29][bookmark: OLE_LINK30]In this section, the PointNet model is designed for cost-sensitive learning in object segmentation. PointNet [12] is an important and widely applied method for 3D point cloud segmentation, which not only accelerates the computation but also notably improves the segmentation performance. As shown in Fig. 4, PointNet is composed of an input layer, two transform layers (Tran.1, Tran.2), ten multilayer perceptron layers (MLP.1-MLP.10), one feature combination layer (FC.1), one max pooling layer (MP.1) and one output layer. Input layer: the input layer is a  matrix, where  represents the number of points in the data point cloud and  represents the value of coordinates. Tran.1: the input data points are transformed with an affine matrix of size (), and the transformed data are point multiplied by the original input data. Tran.2 follows the same idea as Tran.1, but an affine matrix of size (64) is used for the data transformation. “MLP” stands for multilayer perceptron, and the numbers in brackets are the output size of the current MLP layer. MP.1 is a max pooling layer that aggregates information from all the points. In each point cloud model, there are several objects with both specific local and global characteristics. The collaborative consideration of local and global characteristics can improve the object segmentation performance. In deep learning models, the front layers pay more attention to detailed local information, and the deeper layers focus more on semantic global information. Hence, FC.1 combines the output of Tran.2 and MP.1 in PointNet, where the output of MP.1 is repeated  times to join the output of Tran.2. The output of MP.1 represents the global information, which fuses the features of all points. The output of Tran.2 contains the local features for each point. The output of MLP.10 is a matrix  of size , where each unit indicates the belonging probability. For better convergence, a Softmax function is implemented in the output layer to estimate the probability of the  data point belonging to object j, which is formulated as follows:
	(6)
 is the probability estimation of classifying the  data point into object j.  is the element at row  and column  of , which indicates the probability of classifying the  data point into object j.  refers to the number of objects for segmentation. The predicted object to which the  data point belongs to can be determined by finding the maximal .


Fig. 4. The architecture of the PointNet
2） Cost-sensitive model training
[bookmark: OLE_LINK13][bookmark: OLE_LINK14][bookmark: _Hlk22018112]A cost-sensitive loss is designed around the idea that the more important a point is, the larger the weight that should be applied in the back propagation. Thus, the misclassification of more important 3D points will result in a larger penalty during the backward propagation process of the network. During network back propagation, the boundary distance  of the data point can be estimated according to the object to which each point in the training set belongs according to equation (2). Through the inequivalent function defined in equation (1), the importance of the data point  can be calculated with boundary distance . Then, the weighted cross-entropy loss is used to optimize the parameters in PointNet by gradient descent to minimize the rate of misclassification (formulated in equation (7)). The proposed cost-sensitive learning method concerns the loss function of PointNet. The error gradient for the weight matrix in the segmentation model is calculated as in [44].
	(7)
where  is the true value if the  data point belongs to object .  when the  data point actually belongs to object ; otherwise, .  denotes the object to which the  data point most likely belongs.  is the probability estimate that the  data point belongs to object .
The operation process of GEP-PointNet
[bookmark: _Toc516228908]The procedure of GEP-PointNet is presented in this section. The pseudocode is provided in Table I, which consists of two parts. The first part is initialization, which randomly generates a PointNet model and an initial population. Then, the generated chromosomes are subject to fitness computation, selection, crossover, and transposition. After the evolution process, the fitness of the final population is evaluated. The function decoded by the best chromosome with the highest fitness value is output as the final inequivalent function of the point cloud .
Table I
The pseudocode for the GEP-PointNet operation process
	[bookmark: _Hlk14545766]Input：: Point cloud sample，Distance matrix ，, , , ,, , , , 
Part 1: Initialization
1) [bookmark: _Hlk22558627][bookmark: OLE_LINK28]Initialize training set , validation set , test set .
2) Initialize the population .
Part 2: Evolution
3) While (termination condition is not met) do:
4) Part 2.1 Fitness Computation: 
(1) For each chromosome , the genes are decoded into a corresponding inequivalent function . 
(2) The boundary distance of every point is calculated to fill the distance matrix . Then,  is taken into the inequivalent function  to calculate the importance of each point. Next, the importance of each point is considered as penalty coefficient for cost sensitive learning of PointNet models with training set . 
(3)Take  as input to verify the PointNet model and calculate the fitness value  according to formula (3);
5) [bookmark: _Hlk29979044]Part 2.2 Selection: For each chromosome , the selected probability  can be obtained according to equation (4). The roulette wheel selection is performed with the selected probability. 
6) Part 2.3 Mutation: Mutation is conducted with the probability of ;
7) Part 2.4 Crossover: One-point recombine with the probability of ; Two-point recombine with the probability of ; Gene recombine with the probability of ;
8) [bookmark: OLE_LINK23][bookmark: OLE_LINK24]Part 2.5 Transposition: IS transpose with the probability of ; RIS transpose with the probability of ; Gene transpose with the probability of ;
9) Update the population;
10) End while
Output：Evaluate the fitness value of chromosomes in the final population with . The function decoded by the best chromosome with the highest fitness value is output to be the final inequivalent function of point cloud .


[bookmark: OLE_LINK100][bookmark: OLE_LINK101] is the population,  is the selection probability for chromosome ,  is the mutation probability,  is the one-point recombination probability,  is the two-point recombination probability,  is the gene recombination probability,  is the IS transposition probability,  is the RIS transposition probability, and  is the gene transposition probability.
Result And Analysis
In this section, the segmentation performance is evaluated in terms of the mean accuracy (MA), precision of neighborhood (PON), and testing time (TT), which are defined as follows:
	(8)
where  is the total number of points in the 3D point cloud and  indicates whether the  point is correctly classified. If classified correctly, ; otherwise, .
	(9)
where  represents the number of points with a distance of less than  from the boundary, and  indicates whether the  point that belongs to the range of  is correctly classified. If classified correctly, , otherwise, .
TT is the testing time (unit: second) of each algorithm on the dataset, excluding the training time, because the testing time is related to the run-time of the actual object segmentation task. 
[bookmark: OLE_LINK34][bookmark: OLE_LINK35][bookmark: _Hlk54100620]The experiments are conducted on a computer with the following option: the Linux system is used with an Intel(R) Xeon(R) CPU E5-2630 V4 @ 2.20 GHz and a GeForce RTX 2080 Ti graphics card. The algorithm is compiled with Python, TensorFlow 1.0 and CUDA 8.0. During model training, the Adam optimizer is applied with an epoch number of 300 and a batch size of 20. In each validation, 80% of the records are taken as the training data, 10% are used for validation and the remaining 10% are used in the performance testing. All point cloud records are randomly divided allocated into each dataset without overlap.
Experimental results on the benchmark dataset
[bookmark: OLE_LINK7][bookmark: OLE_LINK8]To verify the effectiveness of the proposed approach, experiments on 16 point cloud benchmark datasets (“ShapeNet” [45]) are conducted. The GEP-PointNet is compared with state-of-the-art methods such as CNN [11], PointNet [12], PointConv [14], SpiderCNN [16], and GAC [35]. The results are shown in Table II, and the best record for each test is highlighted with underline. 
The From Table II, the proposed method achieves the highest MA with in 12 models cases from all 18 modelsdatasets, which demonstrate the effectiveness of the proposed method in 3D point net segmentation. In particular, the MA of the proposed GEP-PointNet is much higher than that of PointNet on benchmark datasets, which demonstrates that the ability of our method to consider inequivalence is helpful for improving the segmentation accuracy.
[bookmark: _Hlk36024083]Table II.
The object segmentation performance for standard models
(MA=mean accuracy, PON=precision of neighborhood, TT=testing time)
	Datasets
	Metrics
	CNN
	Point
Net
	Point
Conv
	Spide
CNN
	GAC
	GEP-PointNet

	[image: ]Skateboard
	MA
	0.62
	0.96
	0.95
	0.95
	0.87
	0.97

	
	PON
	0.45
	0.96
	0.96
	0.96
	0.87
	0.96

	
	TT
	0.67
	0.86
	1.02
	2.43
	2.02
	0.98

	[image: ]
Guitar
	MA
	0.77
	0.97
	0.96
	0.92
	0.93
	0.97

	
	PON
	0.45
	0.93
	0.96
	0.8
	0.93
	0.96

	
	TT
	0.62
	0.78
	0.93
	1.89
	3.28
	1
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Car
	MA
	0.7
	0.93
	0.9
	0.78
	0.86
	0.93

	
	PON
	0.59
	0.94
	0.88
	0.46
	0.85
	0.97

	
	TT
	0.69
	0.9
	1.16
	2.42
	4.6
	0.95
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Motorcycle
	MA
	0.74
	0.9
	0.85
	0.8
	0.84
	0.91

	
	PON
	0.68
	0.88
	0.85
	0.78
	0.83
	0.91

	
	TT
	0.69
	0.95
	1.28
	2.25
	2.6
	1.03
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Hat
	MA
	0.92
	0.93
	0.97
	0.96
	0.85
	0.94

	
	PON
	0.85
	0.93
	0.93
	0.94
	0.87
	0.95

	
	TT
	0.82
	0.97
	1.18
	2.29
	1.29
	1.01

	
[image: ]
Cup
	MA
	0.61
	0.99
	0.99
	0.98
	0.94
	0.99

	
	PON
	0.17
	0.98
	0.98
	0.96
	0.94
	0.99

	
	TT
	0.88
	0.99
	1.4
	2.63
	2.9
	1.07
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Headset
	MA
	0.79
	0.81
	0.77
	0.72
	0.83
	0.85

	
	PON
	0.71
	0.81
	0.73
	0.81
	0.8
	0.87

	
	TT
	0.6
	0.84
	1.1
	1.98
	0.73
	1.22

	[image: ]
Aircraft
	MA
	0.92
	0.91
	0.94
	0.93
	0.91
	0.93

	
	PON
	0.89
	0.97
	0.96
	0.97
	0.9
	0.97

	
	TT
	0.68
	0.86
	1.15
	2.25
	3.1
	0.9

	[image: ]
Rocket
	MA
	0.94
	0.91
	0.9
	0.84
	0.87
	0.94

	
	PON
	0.69
	0.8
	0.75
	0.94
	0.89
	0.94

	
	TT
	0.61
	0.7
	0.87
	1.77
	1.3
	0.68
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Gun
	MA
	0.88
	0.98
	0.95
	0.93
	0.97
	0.98

	
	PON
	0.79
	0.96
	0.95
	0.96
	0.95
	0.99

	
	TT
	0.66
	0.87
	1.09
	2.23
	4.7
	1
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Table lamp
	MA
	0.75
	0.77
	0.77
	0.75
	0.87
	0.84

	
	PON
	0.72
	0.71
	0.73
	0.79
	0.86
	0.85

	
	TT
	0.67
	0.81
	1.18
	2.41
	3.04
	1.28
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Table
	MA
	0.84
	0.85
	0.89
	0.89
	0.92
	0.89

	
	PON
	0.81
	0.87
	0.89
	0.93
	0.91
	0.91

	
	TT
	0.61
	0.81
	1.13
	2.53
	3.5
	0.86
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Package
	MA
	0.62
	0.95
	0.95
	0.93
	0.96
	0.96

	
	PON
	0.27
	0.96
	0.94
	0.93
	0.95
	0.98

	
	TT
	0.58
	0.77
	1
	2.56
	2.05
	0.82
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Notebook
	MA
	0.92
	0.97
	0.98
	0.97
	0.97
	0.97

	
	PON
	0.79
	0.98
	0.98
	0.98
	0.97
	0.98

	
	TT
	0.7
	0.8
	1.2
	2.25
	3.6
	0.78
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Knife
	MA
	0.87
	0.87
	0.88
	0.88
	0.87
	0.93

	
	PON
	0.85
	0.71
	0.83
	0.95
	0.85
	0.96

	
	TT
	0.89
	0.6
	0.85
	1.7
	3.87
	1.34
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Chair
	MA
	0.87
	0.9
	0.91
	0.87
	0.86
	0.91

	
	PON
	0.79
	0.92
	0.94
	0.92
	0.85
	0.94

	
	TT
	0.68
	0.93
	1.22
	2.42
	3.4
	1.12

	Average
	MA
	0.80 
	0.91 
	0.91 
	0.88 
	0.89
	0.93 

	
	PON
	0.66 
	0.89 
	0.89 
	0.88 
	0.89
	0.95 

	
	TT
	0.69 
	0.84 
	1.11 
	2.25 
	2.87
	1.00 


[bookmark: OLE_LINK33]Regarding PON, the proposed GEP-PointNet shows the best performance on all the datasets except for a 0.02 lower PON than that of SpiderCNN on the Table dataset and a 0.01 lower PON than that of GAC on the Table lamp dataset, which. It indicates that the proposed method is effective in the classification of points near the boundary. Furthermore, the MA of the complete 3D point cloud is closely related to the PON points from the boundary, which verifies our conjecture that accurate segmentation depends on only a few points near the boundary. 
Regarding the TT, which reflects the algorithm complexity, GAC has the longest TT, and CNN has the shortest TT. Furthermore, the proposed GEP-PointNet has a longer TT () than that of PointNet. PointNet is called iteratively to optimize the inequivalent function in the evolutionary process in the proposed GEP-PointNet in model training. The GEP-PointNet can fulfil the segmentation with just one-time forward propagation, which can be finished within one second in model testing.
Experimental results on the engineering dataset
To further demonstrate the effectiveness of the proposed method in practical engineering, segmentation of the skeleton and skin for air rudders is performed. A 3D snapshot scanning platform is constructed with a robot, a computer, and a laser profilometer as shown in Fig. 5. The robot can adjust the position and orientation of the laser profilometer to capture high quality point clouds of air rudders. The laser profilometer is a “Gocator 3X00” area-array laser camera that can acquire and send high precision point clouds to the supervisory computer. With this platform, 800 records are collected approximately 8 types of real air rudders produced by a company in Shanghai (shown in Fig. 5). In the experiments, the other settings are the same as those in the experiments on the benchmark dataset.


Fig. 5. 3D snapshot scanning platform for air rudders
The segmentation results of the air rudders are shown in Table III. From the experimental results, it can be observed that the average MA on eight air rudders is 92%, which is 9% higher than PointNet. The effective performance of GEP-PointNet demonstrates that the point inequivalence caused by the boundary is an issue that must be considered in object segmentation of 3D point clouds.
[bookmark: _Hlk36475938]In this section, the proposed GEP-PointNet is compared with PointNet, CNN, PointConv, SpiderCNN, and GAC methods from the view of model structure. PointNet is a DNN with a transform network and max-pooling modules. Based on this, GEP-PointNet considers the inequivalence of each point, which is a kind of local neighborhood information. PointConv is a DNN model with extended dynamic filters. SpiderCNN is a CNN with parameterized convolutional filters to extract features with local neighborhood geometry information. Combined with experimental results, the methods considering local neighborhood information has higher PON than other methods, which indicates that the consideration of local neighborhood information is helpful for object segmentation.
[bookmark: _Hlk36024114]Table III.
THE SEGMENTATION PERFORMANCE FOR AIR RUDDERS DESCRIBED IN FIG. 5
(AR= air rudder, MA=mean accuracy, PON=precision of neighborhood, TT=testing time)
	AR NO.
	Methods
	MA
	PON
	TT (s)

	(a)
	CNN
	0.817
	0.612
	0.67

	
	PointNet
	0.86
	0.65
	0.7

	
	PointConv
	0.89
	0.74
	0.72

	
	SpiderCNN
	0.97
	0.93
	0.9

	
	GAC
	0.88
	0.76
	3.6

	
	GEP-PointNet
	0.93
	0.85
	0.9

	(b)
	CNN
	0.78
	0.47
	0.47

	
	PointNet
	0.81
	0.35
	0.24

	
	PointConv
	0.89
	0.73
	0.7

	
	SpiderCNN
	0.96
	0.92
	0.89

	
	GAC
	0.80
	0.62
	3.7

	
	GEP-PointNet
	0.89
	0.76
	0.79

	(c)
	CNN
	0.68
	0.52
	0.55

	
	PointNet
	0.73
	0.42
	0.3

	
	PointConv
	0.83
	0.66
	0.53

	
	SpiderCNN
	0.96
	0.94
	0.91

	
	GAC
	0.76
	0.62
	3.4

	
	GEP-PointNet
	0.97
	0.95
	0.45

	(d)
	CNN
	0.79
	0.34
	0.39

	
	PointNet
	0.877
	0.27
	0.17

	
	PointConv
	0.94
	0.75
	0.7

	
	SpiderCNN
	0.98
	0.92
	0.91

	
	GAC
	0.87
	0.61
	3.71

	
	GEP-PointNet
	0.86
	0.7
	0.68

	(e)
	CNN
	0.8
	0.63
	0.69

	
	PointNet
	0.82
	0.57
	0.49

	
	PointConv
	0.88
	0.71
	0.6

	
	SpiderCNN
	0.95
	0.9
	0.88

	
	GAC
	0.83
	0.64
	3.58

	
	GEP-PointNet
	0.9
	0.74
	0.75

	(f)
	CNN
	0.84
	0.6
	0.62

	
	PointNet
	0.84
	0.33
	0.22

	
	PointConv
	0.9
	0.72
	0.66

	
	SpiderCNN
	0.97
	0.94
	0.93

	
	GAC
	0.85
	0.64
	3.6

	
	GEP-PointNet
	0.97
	0.96
	0.86

	(g)
	CNN
	0.82
	0.67
	0.73

	
	PointNet
	0.81
	0.63
	0.67

	
	PointConv
	0.89
	0.8
	0.79

	
	SpiderCNN
	0.97
	0.94
	0.93

	
	GAC
	0.88
	0.76
	3.6

	
	GEP-PointNet
	0.95
	0.91
	0.9

	(h)
	CNN
	0.88
	0.33
	0.25

	
	PointNet
	0.87
	0.26
	0.17

	
	PointConv
	0.94
	0.75
	0.66

	
	SpiderCNN
	0.97
	0.91
	0.9

	
	GAC
	0.87
	0.56
	3.5

	
	GEP-PointNet
	0.9
	0.91
	0.62

	Average
	CNN
	0.80 
	0.52 
	0.55 

	
	PointNet
	0.83 
	0.44 
	0.37 

	
	PointConv
	0.90 
	0.73 
	0.67 

	
	SpiderCNN
	0.97 
	0.93 
	0.91 

	
	GAC
	0.84
	0.65
	3.59

	
	GEP-PointNet
	0.92 
	0.85 
	0.74 


[bookmark: _Hlk36475871]Compared with SpiderCNN, the accuracy of GEP-PointNet is higher, but lower with air rudders. To figure out the reason, the distribution of boundary distance of air rudders and standard models are analyzed. Fig. 6 is the statistical distribution of points to differentiate boundary distances of air rudders and standard models. As is shown in Fig. 6, 67% points of air rudders have small boundary distances (0-0.2), which are close to the segmentation boundary. This leads GEP-PointNet to consider That implies most of the points in air rudders to beare important in GEP-PointNet method. As we all know, wWhen most of the points are given high weight, it is equivalent to egalitarianism. SpiderCNN is an algorithm that focuses on local geometric information. The air rudders have some bevels, corners, and welding grooves near the boundary. Therefore, the accuracy of SpiderCNN is higher than GEP-PointNet in air rudders since SpiderCNN focuses more on local geometric information.

Fig. 6. The distribution of points to different boundary distance 
Discussions about the nature of inequivalence
The inequivalence of different points is sometimes unclear in the object segmentation of point clouds. The importance is expected to decrease with increasing distance to the segmentation boundary. The specific quantified relations (possibly a kind of linear function or negative exponent function) between the importance and the distance must be examined. Aiming to reveal the quantified relation, the discovered inequivalent function for the relation between the importance and the distance to the boundary is shown in Fig. 7. Three findings are significant:
1) Point inequivalence in terms of the distance to the segmentation boundary exists and influences the segmentation performance. In general, points closer to the boundary are more important for object segmentation.
2) The discovered inequivalent functions in Fig.7-a) and Fig.7-b) of the cap and cup are convex curves. By contrast, the functions of the other models are concave curves. As shown in Table IV, the angles of the junction surface normal vectors for the cap and cup models are both greater than 45°, while those of the other models are less than 45°. Thus, the larger the angle of the junction surface normal vectors is, the more slowly the point importance will be reduced with increasing boundary distance.
3) The discovered inequivalent functions in Fig.7-a) and Fig.7-f) of the cap and car are nonmonotonic curves. By contrast, the discovered inequivalent functions of other models are monotonic curves. As shown in Table IV, the curvature and length of the segmentation boundary for the cap and car models are significant and are substantially different from those of the other models. According to this observed phenomenon, the curvature and the length of the segmentation boundary are both key factors influencing the point inequivalence, in addition to the distance. The importance of points distributed around the segmentation boundary is positive with the curvature and the length of the segmentation boundary.
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	[bookmark: _Hlk30168401][image: ]
a). The results of cap point cloud
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b). The results of cup point cloud
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c). The results of skateboard point cloud

	[image: ]
d). The results of guitar point cloud
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e). The results of motorcycle point cloud
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f). The results of car point cloud


Fig. 7. The discovered inequivalence functions of typical models
It could be concluded that the point inequivalence is helpful for segmentation when considered in sensitive learning and is a result of not only the boundary distance but also the angle of the junction surface normal vectors, the curvature and the length of the segmentation boundary.
Table IV.
CHARACTERISTICS OF THE SEGMENTATION BOUNDARY
	The model name
	The curvature of segmentation boundary
	The length of segmentation boundary
	The angle of junction surface normal vectors

	Cap
	large
	long
	

	Cup
	small
	short
	

	Skateboard
	small
	short
	

	Motorcycle
	small
	short
	

	Guitar
	small
	short
	

	Car
	large
	long
	


Conclusion
This study investigates the point inequivalence caused by distance to the boundary in the object segmentation of 3D point clouds. The contributions of this paper are summarized as follows:
1) To achieve unequal learning, a GEP-PointNet model is proposed to segment point clouds with cost-sensitive learning implemented to weight the influence of each point on the segmentation performance. To evaluate point inequivalence, the inequivalence function is optimized during evolution by GEP. The GEP-PointNet model is more accurate than PointNet, which suggests that the inequivalence caused by boundary distance should be taken into account in the object segmentation of point clouds.
2) This paper proposed proposes a method introducing boundary distance attention mechanism into point cloud segmentation, which differs from the current attention mechanism in the obtained attention. The attention obtained by GEP-PointNet is interpretable clear in physics meaning. Theand the inequivalent function describes the physical law between the boundary distance and the importance of each point to segmentation performance. This paper is among the first to quantitatively investigate the inequivalence of points in point cloud segmentation. In the experiments, specific inequivalence functions are presented for different point clouds. The common sense (the importance of a point is correlated with the distance to the segmentation boundary) is not always trueworking. In some scenarios, the closest points are not the most important ones because the angle of the junction surface normal vectors and the curvature and length of the segmentation boundary may also influence the point inequivalence.

Future work will focus on investigating the inequivalence of points caused by other issues, including the normal vector, point density, and surface curvature. In addition, GEP-PointNet for unequal learning is designed to obtain the influence function by iterative evolution. In the future, the optimal policy for function discovery will be investigated to improve the time efficiency.
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