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W5 A#K: Dai M F, Xing S, Xu Q, Li P C and Chen K. 2022. Semantic segmentation of airborne LIDAR point cloud based on multi-feature fusion
and geometric convolution. Journal of Image and Graphics,27(02) :0574-0585 (R L, BN , 4575 , 2= M6 Fe , Bt 2022, Z4FAERES 5 LT ERKHL
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Semantic segmentation of airborne LiDAR point cloud based on
multi-feature fusion and geometric convolution

Dai Mofan, Xing Shuai”®, Xu Qing, Li Pengcheng, Chen Kun

Institute of Geospatial Information, Strategic Support Force Information Engineering University, Zhengzhou 450001, China

Abstract: Objective Airborne laser scanning ( ALS) offers a mature structure of point cloud data, which can represent
complicated geometric information of the real world. Point cloud classification is a critical task in airborne laser detection
and ranging applications, such as topographic mapping, power line detection, building reconstruction, etc. However, una-
voidable reasons, such as complicated topographic conditions, sensor noise and sparse point cloud density, make ALS point
cloud classification very difficult. Original point cloud classification is dependent on manual features, targeted classification

conditions and parameter designation. Deep learning-based methods transform 3D point cloud into other representations
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such as 3D voxels, 2D images and octree structures based on structured networks at the cost of 3D spatial structure informa-
tion loss. As the requirement for high point cloud density, the lack of adaptability for data and deep features caused in
accuracy. Moreover, some networks make multi-modal data fusion or learn multi-level feature representations of points via
local structures exploration, but the applications of geometric information of airborne data is constraint to achieve fine-
grained classification for geometrically prominent and diverse ALS point cloud. In this paper, we propose a multi-feature
fusion and geometric convolutional neural network ( MFFGCNN) consisting of ALS data processing, multi-feature fusion and
deep geometric features aggregation for point cloud classification. Method First, an ALS point cloud design module, called
APD module, is constructed to organize point cloud structure by balancing classes and scale, partitioning point cloud and
processing raw coordinates. Next, discriminative typical features are used to supplement the point cloud information at the
input feature level. The applications of echo and intensity has been demonstrated as input along with the coordinates into the
point-based network, which can preserve the 3D spatial characteristics while making full use of the effective point cloud fea-
tures. Then, four types of geometric features of points and their K-nearest neighborhoods are calculated by dividing the
neighborhood region at three different scales, with local spatial information. A geometric convolution module based on
multi-feature fusion, called multi-feature fusion and geometric convolution ( FGC) operator, is to encode the global and
local spatial geometric structure of points. This design can obtain the hierarchical geometric structure of large area point
clouds. At the end, our method aggregates the discriminative deep global and local geometric features in different levels and
the input multi-class features into a hierarchical advanced semantic feature, which enables semantic segmentation of air-
borne LiDAR (light detection and ranging) point clouds by spatial up-sampling. Result The comparative analyses are
based on the International Society for Photogrammetry and Remote Sensing (ISPRS) 3D labeling benchmark dataset. For
the three typical ground features of buildings, ground and trees, the dataset is further divided on initial contained nine cate-
gories such as car, facade and shrub. The ALS point cloud is segmented into blocks of 50 m as a batch input into the net-
work. Each feature is extracted from the layer and then processed using batch normalization. The batch number for training
and evaluation is 16 and the maximum epoch during training is 200. The test is implemented via a NVIDIA GTX 2060Ti
GPU. Mean intersection-over-union ( mloU) , mean accuracy (mAcc), and overall accuracy (OA) are evaluated. The
results of ablation experiments demonstrate that the FGC module can improve the global accuracy by 8% , which can effec-
tively extract local geometric features. Compared with the 3D spatial coordinate-based method, the overall classification ac-
curacy can improve by 15% . The relative elevation of the neighborhood can reflect elevation directional heterogeneity and
ground points can achieve clear classification. Echo features can be validated for advantage in vegetation classification. The
introduction of geometric features facilitates the distinction between building points and background points while ensuring
the consistency of the building’ s main body and clear contours. The four classes of geometric features are targeted at the
curvature variation, edges, all consistency of the feature and the unique spherical characteristics of the vegetation. It illus-
trated further that the involvement of multiple classes of features in the semantic segmentation of airborne LiDAR point
clouds. The visualization results also demonstrate a stronger model, especially in difficult situations such as buildings sur-
rounded by tall trees and dense buildings with complex roof structures still achieving excellent performance, but there is a
potential for improvement in the edges of features, and in the detailed parts of complex scenes. Conclusion The proposed
MFFCGNN network combines the advantages of initial features and deep learning-based models. The demonstrated model
can be implemented in 3D city modelling.

Key words: point cloud classification; airborne LIDAR; PointNet ++ ; deep learning; multi-feature fusion; geometric con-

volutional network ( GCN)
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Fig. 1 The classification model of ALS point cloud based on MFFGCNN
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Fig.4 The classification results of four sets of experiments and the standard result

((a) FT_0;(b) FT_1;(c) FT_4;(d) FT_8;(e) GT)
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