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Fig. 7 Comparison charts of experimental accuracy using different training strategies
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Table 4 Model complexity comparison results
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Table 5 Point cloud classification results of

different datasets
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Integrating ensemble prediction constraints and error prediction entropy
maximization for MLS point cloud classification

LEI Xiangda', GUAN Haiyan', DONG Zhen’

1. School of Remote Sensing and Geomatics Engineering, Nanjing University of Information Science and Technology,
Nanjing 210044, China;
2. State Key Laboratory of Information Engineering in Surveying Mapping and Remote Sensing, Wuhan University,
Wuhan 430079, China

Abstract: Mobile Laser Scanning (MLS) systems are widely used in various fields owing to their ability of rapidly acquiring high-
precision and high-density 3D point cloud data, particularly in the acquisition of urban spatial information. Given that urban MLS point
clouds exhibit complex scenes, large data volumes, and uneven spatial distribution, accurate classification of large-scale urban point clouds
presents significant challenges. Currently, many deep learning point cloud classification methods enhance feature representation of point
clouds by adding a feature aggregation module. Nonetheless, this approach frequently results in increased training parameters and model
overfitting.

We propose an MLS point cloud classification method integrating resemble prediction constraints and error prediction entropy
maximization. The proposed method can enhance the point cloud feature representation of the baseline network and improve the generalization
ability of the model without increasing the training parameters. Our method consists of three main components: a basic supervision branch,
an ensemble prediction constraint branch, and an error prediction entropy maximization branch. Specifically, we first employ RandLA-Net
as the backbone network to obtain point cloud classification features. Then, a basic supervised branch calculates the weighted cross-entropy
loss on the basis of true labels and predicts probability distributions and category weights to provide a basic fully supervised signal for
model training. For the ensemble prediction constraint branch, we first generate ensemble predictions by recording the predicted values
during the point cloud training process. Because the input to RandLA-Net is a random subpoint cloud, the ensemble predictions can be
integrated for predictions not only at different stages but also at different relative positions. Thus, the ensemble prediction is highly robust to
the current prediction. Afterward, we apply a consistency constraint to minimize the difference between the two predictions to improve the
point cloud feature representation. Finally, we design an error prediction entropy maximization branch to maximize the entropy of error
prediction point sets, increasing their confusion to reduce the model overfitting.

The public MLS point cloud dataset Toronto3D is chosen as the primary dataset to validate the performance of the proposed method.
The qualitative result (Fig. 5) and quantitative result (Table 1) on the Toronto3D dataset show that the proposed method can correctly
classify most points. To verify the validity of the method, we compare the accuracy of the proposed method with those of other popular
methods. The comparison results (Table 1 and 2) indicate that the proposed method obtains the best OA (97.71%) and mloU (83.68%). A
series of ablation experiments is carried out to verify the effectiveness of each branch of the proposed method. The results (Table 3 and Fig.
7) show that each branch can effectively improve the model classification performance. The complexity analysis (Table 4) indicates that the
proposed method can enhance the accuracy of the baseline method without increasing the model parameters. Furthermore, the experimental
results (Table 5) on other public MLS datasets (WHU-MLS and Paris datasets) demonstrate that the proposed method can obtain competitive
results on multiple datasets.

Key words: remote sensing, MLS point cloud classification, deep learning, ensemble prediction constraints, error prediction entropy
maximization
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