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Abstract

:

In this paper, a 3D semantic segmentation method is proposed, in which a novel feature extraction framework is introduced assembling point initial information embedding (PIIE) and dynamic self-attention (DSA)—named PIIE-DSA-net. Ideal segmentation accuracy is a challenging task, since the sparse, irregular and disordered structure of point cloud. Currently, taking into account both low-level features and deep features of the point cloud is the more reliable and widely used feature extraction method. Since the asymmetry between the length of the low-level features and deep features, most methods cannot reliably extract and fuse the features as expected and obtain ideal segmentation results. Our PIIE-DSA-net first introduced the PIIE module to maintain the low-level initial point-cloud position and RGB information (optional), and we combined them with deep features extracted by the PAConv backbone. Secondly, we proposed a DSA module by using a learnable weight transformation tensor to transform the combined PIIE features and following a self-attention structure. In this way, we obtain optimized fused low-level and deep features, which is more efficient for segmentation. Experiments show that our PIIE-DSA-net is ranked at least in the top seventh among the most recent published state-of-art methods on the indoor dataset and also made a great improvement than original PAConv on outdoor datasets.
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1. Introduction


In recent years, the development of 3D point-cloud-processing technology has been greatly promoted for its wide urban applications, such as urban 3D modeling [1], power line inspection [2], simultaneous positioning and mapping [3] and self-driving cars [4]. 3D semantic segmentation is to classify each 3D point to one specific category [5], which is one of the most important 3D point-cloud-processing tasks. Airborne laser scanner (ALS) [6], mobile laser scanning (MLS) [7], terrestrial laser scanning (TLS) [8,9] and unmanned aerial vehicle (UAV) photogrammetry [10] are the most popular methods to collect urban 3D point clouds from indoor and outdoor scenes.



Irregular and disordered structure of 3D point clouds is one of the greatest challenges for 3D feature extraction and further semantic segmentation [11,12,13,14,15]. Therefore, more efficient feature extraction methods are needed. At present, most of point cloud feature extraction methods and their corresponding semantic segmentation methods can be grouped into three kinds: point cloud projection-based methods [16,17,18], voxel-based methods [19,20,21,22,23] and point-based methods [24,25,26]. Since both the projection-based methods and the voxel-based methods may lose information during projection or voxelization, most researchers focus on point-based methods.



To solve the disorder problem, point-grouping methods and point-representation methods are widely researched for optimized local and global feature extraction. Pointnet [25] is one of the milestones on point-based methods. It has a framework that uses the spherical space with a set radius to search for the neighbor points of each specific point. Convolution-based methods are used to further obtain the local and global features of different positions. Many methods have followed this framework and that of the improved version Pointnet++ [5,26]. RSnet [27] uses a data slicing operation to cut the point cloud into different parts, extract the local features respectively and then aggregate these local features to obtain the global features.



The feature extraction method of RSnet has less computational complexity and can be trained end-to-end. In Pointweb [28], an adaptive feature adjustment module for adjusting local features is proposed. For local point clusters in spherical space, the network is used to learn the influence of each point on the other points to thus improve the local features. An efficient feature sampling structure Shellnet [29] is proposed to optimize the sampling of the point cloud. It divides spherical space with different radii and performs corresponding feature extraction and pooling operations on the features of spherical space within the radius.



In [30], an anisotropic separable set abstraction (ASSA) module was proposed to improve PointNet++. Triangular representation was proposed in RepSurf-U [31], and a high-efficiency plug-and-play module for point cloud was constructed. PointNeXt [32] is an improved training strategy that can be widely used in the point cloud domain; it is considered as the next generation version of PointNets. In PointASNL [33], a processing method based on nonlocal neural networks with adaptive sampling was proposed and obtained state-of-art (SOTA) results. Although points can be grouped and represented in different ways, no methods can be accepted as the most robust and efficient yet.



Simultaneously, many researchers attempt to find better ways of convolution and feature encoding. PointCNN [34] is a framework for dealing with point-cloud problems from a convolution perspective, and a feature integration for the point features around each representative point was proposed to replace the conventional convolution operation, and good results have been achieved on the 3D segmentation task. In KPConv [35], the authors proposed a spatially adaptive deformable convolution kernel suitable for point clouds, which learns the spatial position offset of each node of the convolution kernel while learning the parameters of the convolution kernel, and thus effective features can still be extracted when facing different spatial locations of the point cloud.



RandLA-Net [36] employed an efficient point cloud downsampling strategy and local spatial location encoding, which can achieve high segmentation accuracy and processing speed. Continuous convolutions for point-cloud processing proposed by ConvPoint [37] is also an efficient method. PAConv [38] introduced a general convolution operation position adaptive convolution and obtained SOTA performance. The key idea of PAConv is to build convolution kernels by dynamically combining basic weight matrices stored in the weight library, where the coefficients of these weight matrices are adaptively learned from point locations via ScoreNet. In this way, the kernel is built in a data-driven manner, giving PAConv greater flexibility than 2D convolution to handle irregular and disordered point-cloud data. Novel methods of convolution and feature encoding are various, and none can be recognized as the best.



Moreover, most researchers focus on new structures of backbone networks, and different kinds of attention-mechanism-based methods are also employed in different backbones [39,40,41,42,43], including channel attention, spatial attention, self-attention and multi-attention. Most of these methods can enhance the feature extraction and achieve higher accuracy. Self-organizing mapping was proposed in SO-net [44] and explicitly uses the spatial distribution of point cloud to extract the features of different layer structures of a single point and self-organizing mapping node. PointTransformer [45] attempted to prove that self-attention can completely replace convolutions in point-cloud-processing.



PatchFormer [46] proposed a linear attention mechanism in the point-cloud analysis paradigm: Patch ATtention (PAT), which is faster than PointTransformer. Stratified Transformer [47] builds a strong transformer tailored for 3D point cloud segmentation by enlarging the effective receptive field and building direct long-range dependency. Most X-Transformer-based methods have a good performance on accuracy but also have high computational costs.



Furthermore, some new works are dedicated to enhancing features of point cloud in different ways. First, graph-based methods were proposed for feature augmentation. In [48], an edge convolution based on Pointnet was proposed. It attempts to extract edge features using graph convolution to optimize the problem of insufficient local features of Pointnet. A local spectral convolution [49] was proposed to learn the structure information of each point. The local spectral convolution layer is realized by constructing a dynamic graph, dynamically calculating the Laplace operator and pooling hierarchy, and the features at the graph nodes are aggregated by recursive clustering spectral coordinates.



A graph-structured method based on deep metric learning [50] also obtains high-ranking performance in different datasets. In [51], a multi-resolution graph neural network was proposed, which focuses on large-scale segmentation. Graph-based feature extraction methods enhance the relationship between points; however, these methods still need to be further developed for more robust results. CGA-Net [52] has a two-path feature augmentation architecture based on category information.



BAAF-Net [53] has an adaptive feature fusion module and a bilateral block to augment the local context of the points. Indeed, most recent published works, which obtained SOTA results, benefited from different novel feature augmentation strategies. However, current SOTA methods pay insufficient attention to low-level features, most of the SOTA backbones extract a long feature vector, and the low-level feature vector is always short. Since the asymmetry between the length of the low-level features and deep features, it is difficult to properly fuse the features as expected and obtain ideal segmentation results.



Although many SOTA methods have made great progress using different strategies [54,55,56,57], the accuracy of 3D semantic segmentation is still low on most of the new datasets. Our work is also based on the idea of feature augmentation. The contributions of this paper are as follows: PIIE-DSA-net is proposed for 3D semantic segmentation based on PAConv. (1) Point initial information embedding (PIIE) module was employed to keep the low-level initial point-cloud position and RGB information (optional) and combine them with deep features extracted by PAConv encoder. (2) A dynamic self-attention (DSA) module was proposed by using a learnable weights transformation tensor to transform the combined features and following a self-attention structure to generate more effective fused features for 3D segmentation.



The following of the paper is organized as follows: In Section 2, the detailed methodology of PIIE-DSA-net is introduced. In Section 3, we test the performance of PIIE-DSA-net on both an indoor and an outdoor datasets. Additionally, the ablation experiments and module analysis are given. We discuss the results and summarize the work in the final section.




2. Methodology


2.1. Framework of PIIE-DSA-Net


The framework of our PIIE-DSA-net is shown in Figure 1. Our PIIE-DSA-net can be divided into four main modules: (1) Pre-processing. (2) Point initial information embedding (PIIE). (3) Dynamic self-attention (DSA). (4) Segmentation decoder. Both training and testing data must follow all the calculation processes of the four modules. First, pre-processing of the point-cloud data is needed before they are input into the framework. The same pre-processing method in PAConv [38] is used for the point grouping, color mapping and normalization of coordinates.



Secondly, PIIE is introduced to efficiently extract and assemble features extracted in different ways. Thirdly, DSA is proposed for optimized organizing the extracted features by PIIE to generate the optimized features. A residual connection is used between the features from the backbone in PIIE and the features from DSA for more reliable training. Finally, the semantic segmentation decoder [38] decodes the features, up-samples layer by layer and outputs the predicted category point by point. The PIIE and DSA modules are introduced as follows.




2.2. Point Initial Information Embedding


Point initial information (PII) includes the position (X, Y, Z) and the color information (R, G, B) of each point. The PII of the input Ni points form a Ni × 6 matrix. To efficiently extract and assemble features at different levels, PIIE processes the point-cloud data by two branches: In branch one, Pointnet++ [5,26] based SOTA backbones can be employed to extract deep features from the Ni input points, and the PAConv encoder [38] is used in our framework. As down-sampling happens during PAConv encoder, we create a point ID index to memorize the IDs of all N kept points and (Ni − N) dropped points.



Deep features of the N kept points extracted by PAConv are formed as Equation (1), where CD is the length of deep feature of each point, and CD is 64 from the PAConv encoder output.


  D F =     D  F 1  , D  F 2  , … , D  F N      N ×  C D     



(1)







Then, the point initial information (PII) of the N kept points are re-picked and input into the other branch. An expansion-dimension net (EDN) is used to expand the PII (six dimensions) to a higher dimension and generate PII features as Equation (2), where CP is the length of each PII feature of each point. EDN is introduced mainly to balance the dimension difference between PII feature and deep feature; thus, CP = 64 is used in this paper.


  P F =     P  F 1  , P  F 2  , … , P  F N      N ×  C P     



(2)







The structure of the used EDN is shown in Figure 2. PII is encoded by four different cascaded ‘Conv(1 × 1) + Batch Normalization (BN)’.



DF and PF are combined by a concatenated operation in the channel splicing module and generate an N × (CD + CP) feature PIIE_F, which contains the initial position, color information and deep features of the initial points.




2.3. Dynamic Self-Attention


The self-attention mechanism [58] is derived from text feature extraction. It is used to adaptively learn the correlation between different features and the importance of different features. By back-propagation learning, the weights to different features were assigned, which achieves optimized feature extraction. Similar to shown in Figure 1, the structure of conventional self-attention mechanism directly uses the original data or extracted features as input, and the three matrices Queries (Q), Keys (K) and Values (V) were the products of the input and each learnable weights WQ, WK and WV.



The product of matrix Q and transpose of matrix K characterizes the cross-correlation between features. After that, an attention matrix is obtained through the soft-max layer. The attention matrix describes the weight distribution of different degrees of importance to the input. The attention matrix is multiplied with the matrix V and finally obtains the feature matrix. In this way, the weights of the features that input into Q, K and V are the same and fixed.



The dynamic self-attention module is designed for optimized organizing the extracted PIIE_F. Different from the structure of a conventional self-attention mechanism, a transformation tensor TLWT is proposed to make the weights learnable, which multiplies with the input PIIE_F before inputting into Q, K and V. TLWT is a 3 × (CD + CP) × CD tensor formed as {TLWT_1, TLWT_2, TLWT_3}, and TLWT_1, TLWT_2 and TLWT_3 are (CD + CP) × CD matrices. TLWT is initialized by the method of ‘He initialization’ [59] before forward-propagation and is updated during back-propagation. The input self-attention Q, K and V matrices (N × CD) are generated by the products TLWT_1, TLWT_2 and TLWT_3 with PIIE_F, respectively, as shown in Equation (3):


    Q =  W Q    P I I E _ F ×  T  L W T _ 1         K =  W K    P I I E _ F ×  T  L W T _ 2         V =  W V    P I I E _ F ×  T  L W T _ 3        



(3)







The Q, K matrices are multiplied with WQ and WK and then reshaped to QR (CD × N) and KR (CD × N), respectively and then generate AR (CD × CD) as in Equation (4). The attention matrix A (CD × CD) is the normalized AR by a softmax layer.


   A R  =    Q R  ×  K R T       C D       



(4)







The final fused feature F (N × CD) used for semantic segmentation is calculated by V (N × CD) and A (CD × CD) by Equation (5):


  F = V × A  



(5)







In addition to the conventional single-head self-attention structure [58] used in our PIIE-DSA-net, there is also a multi-head self-attention mechanism [60]. We tested different self-attention mechanisms in the experiments.




2.4. Loss Function Used in PIIE-DSA-Net


The loss functions used in PIIE-DSA-net include cross-entropy loss Lce and matrix similarity loss Lms. As in Equation (6), λce and λms are weight coefficients.


  L =  λ  c e    L  c e   +  λ  m s    L  m s    



(6)







The cross-entropy loss Lce constrains the correctness of probability prediction in multi-classification. As in Equation (7), Nt is the number of samples, i represents the i-th sample, c is the c-th class, yic is 1 when the correct predict i-th sample is the c-th class, otherwise yic = 0. pic is the probability of predicting i-th sample as the c-th class. When the more correct predicted samples are, the higher the probability of correct predicted samples is, the smaller the cross-entropy is and vice versa.


   L  c e   = −  1   N t      ∑ i      ∑  c = 1   c l a s s e s     y  i c       log (  p  i c   )  



(7)







The matrix similarity loss Lms is defined according to the weight regularization used in PAConv [38]. However, we use it in the learnable weights transformation tensor TLWT. It maintains the independence of the feature extraction methods learned by multiple weight matrices after initialization and constrains the correlation between different weights to minimize the redundancy and duplication of extracted features. As shown in Equation (8), B represents the sets of the defined weight matrices, Bi and Bj respectively represent two different weight matrices. When the similarity between the weight matrices is smaller, the loss is smaller and vice versa.


   L  m s   =   ∑   B i  ,  B j  ∈ Β , i ≠ j          ∑   B i     B j           B i     2       B j     2       



(8)









3. Experiments


In this section, experiments on 3D semantic segmentation are performed on three datasets respectively to verify the effectiveness of PIIE-DSA-net. In Section 3.1, the detailed descriptions of datasets are introduced. In Section 3.2, evaluation metrics used in the experiments are given. In Section 3.3, 3D semantic segmentation performances of different methods are compared in two datasets, and ablation experiments are further analyzed.



3.1. Description of the Datasets


Experiments of 3D semantic segmentation are performed on the indoor dataset S3DIS [61], outdoor datasets SensatUrban [62] and Hessigheim 3D [63].



Statement of the Datasets


	
Stanford Large-Scale 3D Indoor Spaces Dataset (S3DIS)






Stanford Large-Scale 3D Indoor Spaces Dataset (S3DIS) was proposed by Stanford University. It is an indoor scene benchmark dataset in the task of 3D semantic segmentation. The point cloud was collected by a Matterport camera. As shown in Figure 3, the high-resolution aerial imagery sequences were captured by fixed-wing drone Ebee X, and the dense image matching method was used [61]. It consists of 271 rooms scanned from 11 kinds of buildings including office, conference room, hallway, auditorium, open space, lobby, lounge, pantry, copy room, storage and WC.



The official dataset is divided into six areas with a total of 273 million points. The dataset is labeled into 13 categories as ‘ceiling’, ‘floor’, ‘wall’, ‘beam’, ‘column’, ‘window’, ‘door’, ‘table’, ‘chair’, ‘sofa’, ‘bookcase’, ‘board’ and ‘clutter’. The data is pre-processed according to the processing steps of PAConv [38], and the points of each room are divided into several 1 m × 1 m blocks according to the horizontal direction. A total of 4096 points are randomly picked from each block. Each point contains six-dimensional initial information, including normalized XYZ coordinates and RGB colors.



In the experiment, all six areas were used by its official grouped training, verifying and testing sets. Specially, Area5 is an officially designated area that could be used for separate testing. Random scaling, selection and random jittering are used for data augmentation during training.



	2.

	
SensatUrban dataset







The airborne SensatUrban dataset was released in CVPR2021 with nearly 3 billion labeled points. The point cloud was obtained by UAV photogrammetry technology, which covers large areas of two British cities: Birmingham and Cambridge, covering about 6 square kilometers of the urban area, including the 1.2 square kilometers of Birmingham and the 3.2 square kilometers of Cambridge. As is shown in Figure 4, the point clouds are labeled into 13 categories, including ‘ground’, ‘vegetation’, ‘building’, ‘wall’, ‘bridge’, ‘parking’, ‘rail’, ‘car’, ‘footpath’, ‘bike’, ‘water’, ‘traffic road’ and ‘street furniture’. The dataset uses the registered optical image mapping RGB information for 3D point clouds. In the experiments, the point-cloud data is divided into multiple 30 m × 30 m blocks according to the horizontal direction. A total of 4096 points are also randomly picked from each part. Each point also contains six-dimensional initial information, which are normalized XYZ coordinates and RGB colors. The data augmentation steps during training are the same as S3DIS.



Since the competition of SensatUrban dataset is over, the labels of the competition testing set are not published, and thus the testing set cannot be used for evaluation anymore currently. Thus, in our experiments, we divided the competition training set of SensatUrban and redefined the training and testing sets. The competition training set of SensatUrban contains 37 blocks from the two cities, which are all published with labels. To be fair, only part of them are selected to make the ratio of training set and testing set similar to the competition dataset. The blocks (number 3, 6, 7, 9 and 10) in Birmingham and the blocks (number 3, 4, 6, 8, 14, 18, 19, 20, 21, 23, 25, 28 and 33) in Cambridge are selected as our new training set. The blocks (number 1 and 5) in Birmingham and the blocks (number 7, 10, 12 and 17) in Cambridge are selected as our new testing set.



	3.

	
Hessigheim 3D dataset







The Hessigheim 3D dataset (H3D) was proposed by University of Stuttgart and is a benchmark in the task of 3D semantic segmentation [63]. The H3D dataset, shown in Figure 5, consists of High density LiDAR data of 800 points/m² enriched by RGB colors of on board cameras incorporating a ground sample distance (GSD) of 2–3 cm. Multi-temporal datasets are available for four different epochs. The dataset is labeled into 11 categories: ‘Low Vegetation’, ‘Impervious Surface’, ‘Vehicle’, ‘Urban Furniture’, ‘Roof’, ‘Facade’, ‘Shrub’, ‘Tree’, ‘Soil/Gravel’, ‘Vertical Surface’ and ‘Chimney’. A total of 4096 points are randomly picked from each part. Each point contains six-dimensional initial information, including normalized XYZ coordinates and RGB colors.





3.2. Evaluation Metrics


The mean intersection over union (mIoU), mean accuracy (mAcc) and overall accuracy (OA) are the most widely used for evaluation 3D semantic segmentation of point cloud.



IoU is defined in Equation (9), where Ppre and PGT represent the predicted category and ground truth category, respectively. mIoU is defined in Equation (10), where IoUi represents the IoU of the i-th category, and C represents the number of categories.


  I o U =    P  p r e   ∩  P  G T      P  p r e   ∪  P  G T      



(9)






  m I o U =     ∑ i C   I o  U i     C   



(10)







As in Equation (11), mAcc is calculated by the proportion of correct predictions on each category and averages it according to the number of categories. C represents the number of categories, and Ni is the number of points in the i-th category. Ppre_j and PGT_j are the predicted category and ground truth category of the j-th point in the i-th category.


  m A c c =     ∑ i C    1   N i      ∑ j   N i      P  p r e _ j    =  P  G T _ j         C   



(11)






  O A =   T P + T N   T P + F P + T N + F N    



(12)







The True Positive (TP), False Positive (FP), True Negative (TN) and False Negative (FN) are used to define overall accuracy (OA) as in Equation (12).




3.3. 3D Semantic Segmentation Experiments


The 3D semantic segmentation experiments were performed on a Silver with 4210R CPU, NVIDIA RTX 3090 GPU and 40GB RAM. To train our PIIE-DSA-net, the batch size of training samples is set to 16, and the initial learning rate is set to 0.05, the number of iterations is set to 80, the weight decay is set to 0.00005, 16 weight matrices are set in PAConv encoder, and the SGD optimizer is used.



3.3.1. Performance of PIIE-DSA-Net on Indoor Dataset S3DIS


First, we tested the performance of PIIE-DSA-net on all six areas of S3DIS. As shown in Table 1, the IoUs of each category obtained by PIIE-DSA-net are listed. Overall, PIIE-DSA-net can give high evaluation values in Area1, Area3 and Area6, and the results were relative lower in the other three areas. In particular, in different areas, the higher OA shows most of the points were correctly segmented, and the relative lower mIoU can further indicate segmentation results of the categories with fewer points are not ideal. It can also be reflected by the mAcc. In Table 2, the most recent published works and their six-fold experiments performance on S3DIS are listed with form of overall ranking. Our PIIE-DSA-net is seventh of the current top ten methods. The ranking is from the website (https://paperswithcode.com/sota/semantic-segmentation-on-s3dis, accessed on 10 July 2022).



The detailed performance of PIIE-DSA-net can be further found in the individually testing on Area5. Since our PIIE-DSA-net is an improved method based on PAConv, we mainly show the visualized results of PAConv for comparison. Figure 6(a1–a3) are the original input PII data of three different scenes; Figure 6(b1–b3) are the ground truths of the input data; Figure 6(c1–c3) are the prediction results by PAConv; and Figure 6(d1–d3) are the predicted result by PIIE-DSA-net.



PIIE-DSA-net has improved performance on S3DIS in the detailed prediction of categories, such as ‘ceiling’, ‘door’, ‘sofa’, ‘table’ and ‘chair’. Specifically, as the circled areas in Figure 6(c1), a part of the ‘ceiling’ area is incorrectly predicted to ‘beam’ by PAConv, while this area can be correctly predicted by PIIE-DSA-net as shown in Figure 6(d1). A group of points are incorrectly predicted in ‘sofa’ areas by PAConv; however, these points can be correctly predicted by PIIE-DSA-net. In Figure 6(c2,d2), PIIE-DSA-net improves the prediction in the circled ‘wall’ part, which is incorrectly predicted by PAConv. In Figure 6(c3,d3), PAConv performs poorly in the circled ‘tables’ and ‘chairs’ areas; however, PIIE-DSA-net improves the results. PIIE-DSA-net obtained better segmentation completeness on the areas of the same category with more points.



We re-performed the Area5 experiments of the following typical methods: PointNet, PointNet++, PointCNN, KPconv rigid, RandLA-Net and PAConv and listed the IoU of each class in Table 3. PIIE-DSA-net obtained the best IoU on six categories of all the 13, which were ‘wall’, ‘beam’, ‘chair’, ‘sofa’, ‘board’ and ‘clutter’. The best mIoU and mAcc were obtained by PIIE-DSA-net compared with other six methods. Furthermore, we collected the most recent published works and their Area5 experiments performance on S3DIS from the website and listed them in Table 4. Our PIIE-DSA-net is sixth of the current top ten methods. The ranking is from the website: (https://paperswithcode.com/sota/semantic-segmentation-on-s3dis-area5, accessed on 10 July 2022).



	
Ablation experiments on the indoor dataset






Area5 of S3DIS was taken to perform the ablation experiments, and the results are given in Table 5. First, we compared original PAConv, PAConv with only PIIE module (PAConv + PIIE) and PIIE-DSA-net. Except for the case that PAConv + PIIE won mAcc, PIIE-DSA-net obtained the highest mIoU. Secondly, before the self-attention part, there are also different methods to transform PIIE for effective feature extraction. Convolution transformation, full-connection transformation and matrix transformation are compared.



The method of matrix transformation, used in the DSA module, obtained higher mIoU and mAcc compared with the others. Thirdly, in the DSA module, we also compared the performance when using different multi-head attention operations. Single-head attention, two-head attention and four-head attention were tried in the DSA module. Single-head attention used in our PIIE-DSA-net was more effective than the other ways. The PIIE module made a greater impact in PIIE-DSA-net on the indoor dataset.




3.3.2. Performance of PIIE-DSA-Net on the Outdoor Dataset SensatUrban and H3D


	
Result analysis of SensatUrban dataset






Some examples of the segmentation results on SensatUrban are shown in Figure 7, where Figure 7(a1–a4) are the original input PII; Figure 7(b1–b4) are the ground truth; Figure 7(c1–c4) are the prediction results by PAConv; Figure 7(d1–d4) are the prediction results by PIIE-DSA-net. Since the point clouds of SensatUrban are collected from airborne sensors, ‘ground’, ‘parking’, ‘footpath’ and ‘traffic road’, which have similar heights, are always confusing categories. As in Figure 7(c1), a large area of ‘traffic roads’ and ‘ground’ are incorrectly divided into ‘parking’ by PAConv. In Figure 7(c2), some ‘ground’ and ‘footpath’ are misclassified into each other, and some ‘ground’ and ‘traffic road’ are wrongly divided into ‘parking’. Similar bad predictions also appeared in Figure 7(c3,c4). In contrast, when using PIIE-DSA-net, the above problems are improved, as shown in Figure 7(d1–d4). Similarly, PIIE-DSA-net obtained better segmentation completeness in the areas of the same category with more points.



	2.

	
Ablation experiments on the outdoor dataset







The SensatUrban dataset was taken to perform ablation experiments of the outdoor dataset, and the results are given in Table 6. First, in the comparisons between original PAConv, PAConv with only PIIE module (PAConv + PIIE) and PIIE-DSA-net, PIIE-DSA-net obtained the highest mIoU and mAcc. Secondly, the method of matrix transformation also won higher mIoU and mAcc than the convolution transformation and full-connection transformation. Thirdly, single-head attention used in PIIE-DSA-net was more effective than the two-head attention and four-head attention.



	3.

	
Result analysis for the H3D dataset







To further verify the performance of PIIE-DSA-net, the H3D dataset was tested. Since the ground truth of the testing set of H3D is not published, the verifying set was used for testing. As is shown in Figure 8(a1–a4), some typical scenes are visualized, and their ground truths are shown in Figure 8(b1–b4). Similar to the experiment results on S3DIS and SensatUrban, PAConv obtained poor performance in the circled areas in the four different scenes as shown in Figure 8(c1–c4), especially on the edge areas between different categories and on categories with few numbers of points. In contrast, PIIE-DSA-net greatly improved the results in these areas as shown in Figure 8(d1–d4).



For the published testing dataset of H3D (without labels), we used PAConv and PIIE-DSA-net obtaining the testing data and submitted them to the official website of H3D and obtained the evaluation results. Since the ground truth of the testing set of H3D is not available to us, we do not show the visualized results. The results are shown in Table 7, where only data accurate to 1% are given by their website. Apart from the given OA, we also calculated mIoU by ourselves. A similar conclusion can be found in that, although PAConv won in some of the specific categories, PIIE-DSA-net greatly improved the overall performance compared with PAConv. Better segmentation completeness on the areas of the same category with more points was obtained by PIIE-DSA-net.






4. Conclusions and Discussion


In this paper, we proposed PIIE-DSA-net for 3D semantic segmentation on urban indoor and outdoor datasets. Most of the recently published SOTA works of 3D semantic segmentation benefited from different novel feature augmentation strategies. However, they did not pay sufficient attention to low-level features, and the asymmetry between the length of the low-level features and deep features led to poor results of feature fusion and further segmentation. Our PIIE-DSA-net was based on PAconv. The PIIE module was employed to enhance the low-level features, and the DSA module was proposed to optimize the fusion of the extracted low-level features and deep features.



Overall, the results of the experiments on one indoor dataset and two outdoor datasets proved the reliability and advancement of PIIE-DSA-net. Compared with the original PAConv, PIIE-DSA-net had more reliable results on edge areas between different categories. Moreover, it was also more effective in the categories with few points. Furthermore, the segmentation completeness of PIIE-DSA-net was good on the areas of the same category with more points.



In the ablation experiments on both indoor and outdoor datasets, we found that the PIIE module had more contributions on the segmentation results, and the DSA module also improved the results. Moreover, the method of matrix transformation and single-head attention were more effective than other tricks.



Our work verified the importance of low-level features for 3D semantic segmentation. The idea of PIIE-DSA-net can be modified and used in other backbones for 3D segmentation. The feature augmentation methods of low-level features and the fusion methods of low-level and deep features can be researched in greater depth in the future. Finally, by optimizing the parameter settings, fully tuning and training PIIE-DSA-net may result in further potential improvement.
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Figure 1. The framework of PIIE-DSA-net. 






Figure 1. The framework of PIIE-DSA-net.



[image: Remotesensing 14 03583 g001]







[image: Remotesensing 14 03583 g002 550] 





Figure 2. The structure of the expansion-dimension net (EDN) used in the PIIE module. 
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Figure 3. Stanford Large-Scale 3D Indoor Spaces Dataset (S3DIS) [61]. 
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Figure 4. SensatUrban Dataset. 
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Figure 5. Hessigheim 3D Dataset [63]. 
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Figure 6. 3D semantic segmentation of S3DIS. (a1) Data of Scene 1; (b1) Ground Truth; (c1) PAConv; (d1) PIIE-DSA-net; (a2) Data of Scene 2; (b2) Ground Truth; (c2) PAConv; (d2) PIIE-DSA-net; (a3) Data of Scene 3; (b3) Ground Truth; (c3) PAConv; (d3) PIIE-DSA-net. 
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Figure 7. 3D semantic segmentation on the SensatUrban dataset. (a1) Data of Scene 1. (b1) Ground Truth. (c1) PAConv. (d1) PIIE-DSA-net. (a2) Data of Scene 2. (b2) Ground Truth. (c2) PAConv. (d2) PIIE-DSA-net. (a3) Data of Scene 3. (b3) Ground Truth. (c3) PAConv. (d3) PIIE-DSA-net. (a4) Data of Scene 4. (b4) Ground Truth. (c4) PAConv. (d4) PIIE-DSA-net. 
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Figure 8. 3D semantic segmentation on the H3D dataset. (a1) Data of Scene 1; (b1) Ground Truth; (c1) PAConv; (d1) PIIE-DSA-net; (a2) Data of Scene 2; (b2) Ground Truth; (c2) PAConv; (d2) PIIE-DSA-net; (a3) Data of Scene 3; (b3) Ground Truth; (c3) PAConv; (d3) PIIE-DSA-net; (a4) Data of Scene 4; (b4) Ground Truth; (c4) PAConv; (d4) PIIE-DSA-net. 
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Table 1. The six-fold experiments on the S3DIS dataset (%).
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	Categories/Test Area
	Area1
	Area2
	Area3
	Area4
	Area5
	Area6





	ceiling
	97.98
	90.67
	95.94
	93.26
	93.27
	96.31



	floor
	97.24
	77.66
	98.30
	97.38
	98.51
	97.33



	wall
	93.61
	79.62
	83.00
	78.11
	82.75
	85.31



	column
	86.87
	31.80
	23.26
	34.58
	28.42
	62.85



	beam
	93.05
	15.25
	62.10
	0.87
	0.00
	81.75



	window
	94.30
	54.55
	82.96
	33.23
	62.26
	85.63



	door
	94.51
	65.72
	91.93
	64.12
	67.63
	89.64



	table
	86.91
	60.48
	77.70
	63.04
	79.01
	78.01



	chair
	93.30
	28.54
	83.90
	72.64
	88.86
	80.95



	bookcase
	94.59
	28.00
	75.13
	63.02
	60.65
	53.52



	sofa
	90.26
	47.55
	75.53
	54.61
	74.51
	75.46



	board
	93.18
	19.75
	90.21
	45.20
	74.98
	81.26



	clutter
	88.27
	37.13
	75.53
	58.72
	58.86
	71.66



	mIoU
	92.62
	48.98
	78.11
	58.37
	66.90
	79.98



	mAcc
	96.23
	62.41
	86.46
	68.15
	73.90
	88.35



	OA
	96.77
	79.46
	91.59
	85.86
	89.44
	92.24
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Table 2. Current overall TOP-10 ranking of the six-fold experiments on the S3DIS dataset (%).
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	Rank
	Methods
	mIoU
	mAcc
	OA





	1
	RepSurf-U [31]
	74.3
	82.6
	90.8



	2
	PointNeXt [32]
	74.9
	83.0
	90.3



	3
	PointTransformer [45]
	73.5
	81.9
	90.2



	4
	DeepViewAgg [54]
	74.7
	83.8
	90.1



	5
	CBL [55]
	73.1
	79.4
	89.6



	6
	BAAF-Net [53]
	72.2
	83.1
	88.9



	7
	PIIE-DSA-net (OURS)
	71.66
	81.24
	88.89



	8
	PointASNL [33]
	68.7
	79.0
	88.8



	9
	ConvPoint [37]
	68.2
	N/A
	88.8



	10
	JSNet [56]
	61.7
	71.7
	88.7
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Table 3. The Area5 experiments on the S3DIS dataset (%).






Table 3. The Area5 experiments on the S3DIS dataset (%).





	Categories/Methods
	PointNet
	PointNet++
	PointCNN
	KPconv Rigid
	RandLA-Net
	PAConv
	PIIE-DSA-Net





	ceiling
	88.80
	91.31
	92.31
	92.6
	91.69
	94.55
	93.72



	floor
	97.33
	96.92
	98.24
	97.3
	96.90
	98.59
	98.51



	wall
	69.80
	78.73
	79.41
	81.4
	78.45
	82.37
	82.75



	column
	3.92
	15.99
	17.60
	16.5
	27.07
	26.43
	28.42



	beam
	0.05
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00



	window
	46.26
	54.93
	22.77
	54.5
	64.19
	57.96
	62.26



	door
	10.76
	31.88
	62.09
	69.5
	37.53
	59.96
	67.63



	table
	52.61
	83.52
	80.59
	90.1
	73.97
	89.73
	79.01



	chair
	58.93
	74.62
	74.39
	80.2
	83.94
	80.44
	88.86



	bookcase
	40.28
	67.24
	66.67
	74.6
	66.39
	74.32
	60.65



	sofa
	5.85
	49.31
	31.67
	66.4
	67.94
	69.80
	74.51



	board
	26.38
	54.15
	62.05
	63.7
	61.96
	73.50
	74.98



	clutter
	33.22
	45.89
	56.74
	58.1
	50.37
	57.72
	58.86



	mIoU
	41.09
	57.27
	57.26
	65.4
	61.57
	66.58
	66.90



	mAcc
	49.98
	63.54
	63.86
	70.9
	71.50
	73.00
	73.90
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Table 4. Current overall TOP-10 ranking of Area5 experiments on the S3DIS dataset (%).
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	Rank
	Methods
	mIoU
	mAcc
	OA





	1
	StratifiedFormer [61]
	72.0
	78.1
	91.5



	2
	PointNeXt [32]
	71.1
	77.2
	91.0



	3
	PointTransformer [45]
	70.4
	76.5
	90.8



	4
	CBL [55]
	69.4
	75.2
	90.6



	5
	RepSurf-U [31]
	68.9
	76.0
	90.2



	6
	PIIE-DSA-net (OURS)
	66.9
	73.9
	89.44



	7
	BAAF-Net [53]
	65.4
	73.1
	88.9



	8
	MuG-net [51]
	63.5
	N/A
	88.1



	9
	SSP + SPG [50]
	61.7
	68.2
	87.9



	10
	HPEIN [57]
	61.85
	68.3
	87.18
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Table 5. Ablation experiments on the indoor dataset (%).






Table 5. Ablation experiments on the indoor dataset (%).





	
S3DIS

	
Module Ablation

	
PIIE Transformation Methods

	
Selection of Multi-Head

Attention Operation

	
PIIE-DSA-Net




	
PAConv

	
PAConv + PIIE

	
Convolution

Transform

	
Full-Connection

Transform

	
Two-Head Attention

	
Four-Head Attention






	
ceiling

	
94.55

	
93.67

	
93.63

	
94.01

	
92.58

	
94.90

	
93.72




	
floor

	
98.59

	
98.50

	
98.21

	
98.05

	
98.51

	
98.44

	
98.51




	
wall

	
82.37

	
82.63

	
82.27

	
82.36

	
82.30

	
82.14

	
82.75




	
column

	
26.43

	
32.62

	
20.04

	
21.49

	
26.41

	
17.34

	
28.42




	
beam

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00




	
window

	
57.96

	
59.55

	
59.50

	
60.93

	
59.50

	
57.52

	
62.26




	
door

	
59.96

	
65.92

	
67.95

	
68.72

	
62.80

	
54.77

	
67.63




	
table

	
80.44

	
79.64

	
79.13

	
77.29

	
79.31

	
80.10

	
79.01




	
chair

	
89.73

	
88.34

	
86.13

	
85.68

	
88.21

	
88.54

	
88.86




	
bookcase

	
74.32

	
60.92

	
64.12

	
59.67

	
58.23

	
61.02

	
60.65




	
sofa

	
69.80

	
74.40

	
72.28

	
71.20

	
73.89

	
75.49

	
74.51




	
board

	
73.50

	
71.67

	
72.36

	
69.55

	
75.71

	
73.67

	
74.98




	
clutter

	
57.72

	
59.12

	
58.36

	
58.48

	
56.96

	
58.82

	
58.86




	
mIoU

	
66.58

	
66.69

	
65.69

	
65.19

	
65.72

	
64.83

	
66.90




	
mAcc

	
73.00

	
73.98

	
71.96

	
71.65

	
72.13

	
70.87

	
73.90
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Table 6. The experiments on the SensatUrban dataset (%).
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SensatUrban

	
Module Ablation

	
PIIE Transformation Methods

	
Selection of Multi-Head Attention Operation

	
PIIE-DSA-Net




	
PAConv

	
PAConv + PIIE

	
Convolution

Transform

	
Full-Connection

Transform

	
Two-Head Attention

	
Four-Head Attention






	
ground

	
72.11

	
73.53

	
73.10

	
74.48

	
74.43

	
73.37

	
73.92




	
vegetation

	
97.54

	
97.30

	
97.11

	
97.72

	
97.86

	
97.56

	
97.69




	
building

	
93.01

	
92.90

	
91.98

	
93.65

	
92.92

	
93.22

	
93.05




	
wall

	
44.43

	
49.98

	
49.68

	
47.22

	
50.71

	
49.69

	
49.81




	
bridge

	
5.78

	
3.77

	
2.42

	
0.01

	
2.01

	
6.73

	
17.43




	
parking

	
39.94

	
40.21

	
37.51

	
43.27

	
43.11

	
41.52

	
40.60




	
rail

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00




	
car

	
73.04

	
77.87

	
77.09

	
75.90

	
77.66

	
77.56

	
77.75




	
footpath

	
21.78

	
23.75

	
21.68

	
24.31

	
24.66

	
22.58

	
24.57




	
bike

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00




	
water

	
57.97

	
63.87

	
60.22

	
58.62

	
62.87

	
62.47

	
57.10




	
traffic road

	
58.78

	
63.00

	
59.97

	
62.96

	
62.99

	
62.07

	
61.45




	
Street furniture

	
29.42

	
33.78

	
33.64

	
32.54

	
32.52

	
32.68

	
31.38




	
mIoU

	
45.68

	
47.69

	
46.49

	
46.98

	
47.82

	
47.65

	
48.09




	
mAcc

	
53.76

	
55.03

	
53.73

	
54.79

	
54.83

	
54.98

	
55.16
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Table 7. The experiments on the H3D dataset (%).
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	Categories
	PAConv
	PIIE-DSA-Net





	Low vegetation
	74
	81



	Impervious Surface
	90
	84



	Vehicle
	66
	75



	Urban Furniture
	43
	48



	Roof
	94
	94



	Facade
	77
	71



	Shrub
	55
	63



	Tree
	96
	95



	Soll/Gravel
	41
	58



	Vertical Surface
	68
	74



	Chimney
	100
	85



	mIoU
	64.09
	75.27



	OA
	74
	81
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
FRE/AEE) A





media/file4.png
Point Initial Information

PII Feature

(PID) v . 6 (x.v.zr0.8) (PF)wn ¢,
PII,
ST EDN Pr,

2 PF: 2

=P Conv(l X 1)+BN === Conv(l x 1)+BN === Conv(l x 1)+BN === Conv(l x 1)+BN se—]

PIly

(6.8) (8.16) (16,16) (16, Cp) PFy,






nav.xhtml


  remotesensing-14-03583


  
    		
      remotesensing-14-03583
    


  




  





media/file18.png





media/file16.png





media/file2.png
Pre-processing of Point Clouds

- -
Point Initial Information
(PII) v, % 6 (x¥,ZRG.B) PII Feature
PII, (PF) ¢,
» PIL, Points Pl scwrzran Point Initial Information
Repick g Embedding (PIIE) Module
PIIy A

Points IDs After downsampling

PII Embedded Features
(PHE_F)N .

Deep Feature

(DF)NX Cp

(Cp+ Cp)

Channel Splicing

Learnable Weights
Transformation Tensor

(TLWT)3 x (Cpt+ Cp) x Cp

V

N xCp

=W (P[[E_F X TLWT_3)
Dynamic Self-Attention

(DSA) Module

Residual Connection

Segmentation Decoder






media/file5.jpg





media/file3.jpg
Pol I Il Pl Feature

P,
i EDN

Plly| (&) o) 616 6.0






media/file14.jpg





media/file1.jpg
[ETee——
e,

Dynamie Self Aenton
(DSA) Module






media/file7.jpg
M ground M vegetation Jf building W wall [ bridgc W parking W rail
traffic |l strect W car footpath bike water





media/file10.png
Low Vegetation Impervious Surface . Vehicle . Urban Furniture . Roof

. Shrub - Tree . Soil/Gravel Vertical Surface . Chimney





media/file15.png
(d1)

(c1)

(b1)

(al)





media/file12.png





media/file9.jpg
Lowvegeton [ mpenioussuace [ veise Bl rbon e [ Root

W st W e W sotGavel [ vertcalsurtoce [l Chimney





media/file0.png





media/file8.png
rail

water

[l bridge | parking B
bike

footpath

ar

Qo

| building Jj wall

—

vegetation |
street

B ground






media/file11.jpg





media/file6.png
ceiling floorll  walll]l columnll beam  window [l doorl] table ] chair[] bookcasc[l] sofa] board ] clutter





media/file17.jpg





