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Fig.1 Top views of Titan MS — LiDAR intensity data
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Fig.3 Flowchart of the proposed algorithm
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Fig.2 Probability density estimation in 2D feature space
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Fig.4 Top view of merged point cloud
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Tab.1 Comparison of segmentation accuracy
under different feature combinations
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@ I+ 1%+ 2 88.72 0.846
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© 19+ 1% 42 65.88 0.515
@ I+ 124+ 194 2 91.36 0.882
Ny ey 80. 81 0.735
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Tab.2 Accuracy comparison of feature combination (5)
and (7) before and after segmentation optimization
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§ etk ik fofd filb
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Fig.5 Segmentation results and comparison before and after optimization
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Tab.3 Confusion matrix for the proposed algorithm
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Bl 24 936 873 39 785 41 618 95.60
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Tab.4 Accuracy comparison between the proposed algorithm and other classical algorithms
RS Sk AR A FHIE BRKEE/%  Kappa FEX
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Wang %' SVM 432 EIOANE 2 IR 94.76 0.935
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Spatial — spectral joint classification of airborne multispectral
LiDAR point clouds based on the multivariate GMM

WANG Liying', MA Xuwei®>*, YOU Ze', WANG Shichao' , CAMARA Mahamadou'
School of Geomatics, Liaoning Technical University, Fuxin 123000, China; 2. CGTEG China Coal Research Institute, Beijing 100013,

China; 3. Engineering Research Center for Technology Equipment of Emergency Refuge in Coal Mine, Beijing 100013,

China; 4. Beijing Coal Mine Safety Engineering Technology Research Center, Beijing 100013, China)

Abstract: Conventional land cover classification methods based on airborne multispectral light detection and

ranging ( MS — LiDAR) data have insufficient capability for the cooperative utilization of spatial — spectral

information or too high dimensions of features in the joint utilization of various features. This study proposed a

spatial — spectral joint segmentation algorithm for airborne MS — LiDAR point clouds based on the multivariate

Gaussian mixture model (GMM). First, radiometric correction, anomaly removal, and data fusion were performed
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for the original multi — band independent point clouds, forming multispectral point clouds that presented spatial
locations and their multi — band spectral information. Then, spatial — spectral feature vectors were constructed using
the extracted multispectral and elevation features of laser points. Meanwhile, the unit and scale differences among
different types of features were eliminated through feature normalization and discretization. Subsequently, a GMM
was built to fit the multimodal distribution of objects in the spatial — spectral feature space. Accordingly, the
response levels of laser points to various objects were obtained, and the classification of various objects was
determined according to the principle of maximum responsiveness. Finally, a 3D majority voting method was
designed to optimize the segmentation results. The effectiveness and feasibility of the proposed algorithm were
verified through experiments based on surveyed Optech Titan MS - LiDAR data. The experimental results show that
the multivariate GMM combined with multi — band intensity features and elevation features yielded an overall
segmentation accuracy of 93.57% and a Kappa coefficient of 0. 912. The results also indicate that the high —
accuracy segmentation of MS — LiDAR point clouds can be achieved by only combining four — dimensional features.
This study provides a new approach for comprehensively utilizing the multispectral and spatial information in MS —
LiDAR data.

Keywords: multispectral light detection and ranging; point cloud segmentation; multivariate Gaussian mixture

model ; multimodal distribution; majority voting method ; spatial — spectral joint feature
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