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1.Introduction 

Several deep neural networks have already been developed for processing 3D point clouds. Pointnet++ 
is a widely used deep learning model for point cloud classification. In this paper, Pointnet++ is applied 
on the classification of airborne LiDAR points of power line facilities, such as conductors, pylons and 
insulators. In the following section 2, the principles of PointNet++ and our classification workflow are 
described. The classification results are presented and analyzed in the section 3. We analyze the effects 
of different learning rate schedules and the potential of transfer learning of the PointNet++ in the 
section 4. Both concern relevant problems also encountered in other semantic point cloud 
classification tasks: the change of point density between data sets and the problem of rare classes. The 
summary is given in section 5. 

2, Dataset and Method 

The Dataset used in this paper is the airborne LiDAR point cloud of power line facilities. The point 
cloud covers the corridor areas where the pylons stand. The target classes are the surrounding 
environment, conductors (i.e. the wires), pylons and insulators (the connection between wire and 
pylon). The surrounding environment refers to the points that are in a certain range of the pylon. Other 
objects such as ground and objects, that are far away from pylons, are not considered. An example of 
labelled point cloud used in the paper is shown in Fig 1. 

 

Fig 1. The labelled point cloud of the power facility 

The scheme of PointNet+ takes inspiration from 2D-CNN that inputs captured features at 
progressively larger scales along a multi resolution hierarchy. The PointNet++ is composed of a 
number of set abstraction levels. At each level, the points are sub-sampled as a set of centroid points, 
the local region of each centroid point is constructed by finding its neighboring points from the 
previous abstract level, and then a mini-PointNet is used to encode local region patterns into feature 



vectors for the centroid points(Qi et al., 2017; Winiwarter et al., 2019). This set abstraction is repeated 
on multiple levels (see also Fig 2). In the process of sub-sampling, the neighborhood is defined in 
terms of the original points or sub-sampled points from previous abstraction levels. In order to achieve 
the point-wise semantic segmentation, the features learned from the network need to be hierarchically 
propagated back to the original point cloud, the propagation is based on distance interpolation. For 
each point in a lower abstraction level, the three nearest points of the higher abstraction level point 
could are selected and the features of this point are interpolated considering weights based on the 
inverse distance between points. The propagated feature values are also fed into another multi-layer 
perceptron. After that, the generated feature are fed thought a fully connect layer, then a dropout layer 
is applied to avoid overfitting. At last, a softmax regression is used to achieve the class probability of 
each point. 

 

Fig 2. Architecture of PointNet++ 

For the implementation, the point tiles are firstly cut into small batches with identical amount of 
points. In order to avoid overfitting to the dominant classes, only batches that have appearance of all 
four concerned classes are involved in the training, whereas batches only containing (e.g.) conductors 
or pylons will be excluded. Besides 3D coordinates (x,y,z), additional attributes of the number of 
returns, return number and intensity are also used as the input values for training. Three set abstraction 
layers are adopted in our case.  

In the neural network terminology, the number of training batches that are fed into the network in one 
single pass is called batch size. Iteration is the number of passes which is also a update of a model’s 
weights during training. An epoch is defined as the number of times an algorithm visits the all training 
data. When all training batches are passed though the network, an eoch has completed. A number of 
391 batches are used for training. We use one batch for each iteration and 10 epochs for training 
processing, it means that the final model is achieved after 3910 iterations. A step decay is applied on 
the learning rate, which is reduced by a decay rate every a certain number of iterations. The basic 
setting in our implementation is listed in Table 1. 

Table 1. The parameters setting for the network training 

Parameters Value 
Number of points per batch 100000 

Batch size 1 
Training epoch 10 

Initial learning rate 0.001 
Decay rate 0.7 
Decay step 500 

  

3, Results 

The trained deep neutral network model that uses parameters in Table 1 is tested on four tiles. The 
recall and precision of classification results over test tiles are represented in the Table 2 and Table 3, 



while classification results are visualized in Fig. 3. The three dominant classes (surrounding 
environment, conductors and pylons) can be correctly detected by PointNet++, the average recalls of 
those three classes over 4 tiles are all beyond 95% and the average precisions are beyond 94%.  

For the classification of the insulator that have a lower amount of points, the accuracy is lower than 
the other three classes achieved. The recall and precision of insulators in tile 3 drop obviously. There 
are 25% insulator points wrongly classified as conductors in the tile 3, because the insulators in tile 3 
present a different appearance compared to other three tiles. The insulators in tile 3 lie horizontally and 
right next to the conductors, while the insulators in the other three tiles are all vertical. For tile 3, the 
features learned from the network may be confused with conductors during the back-propagation by 
interpolation. However, the accuracy of insulator classification are all beyond 90%  in other three tiles, 
which could be considered as a quite good classification result. 

Table 2. The recall of inference results 

Test data Enviroment (%) Conductors (%) Pylons (%) Insulator (%) Average (%) 

Test tile 1 98.22 99.86 99.94 91.67 97.42 

Test tile 2 94.44 99.87 99.98 94.24 97.13 

Test tile 3 95.79 99.96 95.34 71.53 90.65 

Test tile 4 99.92 99.89 96.00 96.80 98.15 

Average 97.09 99.89 97.82 88.65 95.84 

Table 3. The precision of inference results 

Test data Enviroment (%) Conductors (%) Pylons (%) Insulator (%) Average (%) 

Test tile 1 99.99 99.97 91.71 100 97.92 

Test tile 2 99.99 99.97 92.49 99.98 98.11 

Test tile 3 99.23 95.62 96.13 67.92 89.72 

Test tile 4 99.20 99.79 99.44 98.11 99.14 

Average 99.60 98.84 94.94 91.50 96.22 

 

 

 



  
(a) Test tile 1 (b) Test tile 2 

  
(c) Test tile 3 (d) Test tile 4 

Fig 3. The classification results 

4, Analysis 

4.1 The impact of learning rate decay 

The learning rate is a hyper-parameter that controls how much the model weights are changed in 
response to the estimated error each iteration. Too small learning rate may result in a long training 
processing, whereas too large learning rate may lead to learning a sub-optimal set of weights or an 
unstable training process. A number of experiment are performed to explore the impact of learning 
rate decay. By changing the decay rate in each experiment, the influence of decay of learning rate 
would be investigated and a reasonable range of decay rate is also expected. In the Table 4, “No 
decay” means a constant learning rate without any decay during the training. Based on the inference 
results, decay of learning could be very useful to improve the classification accuracy of insulators. The 
inference accuracies achieved by decay rate of 0.5 and 0.7 are quite similar, however the accuracy 
decreases of decay rate of 0.8 regarding to surrounding environment and insulator. This may suggest 
that the network only learned a sub-optimal with a large decay rate. 

Compared with constant learning rate, a better classification result could be achieved by adding the 
learning rate decay. Additionally, a too large decay rate may cause the sub-optimal and a longer 
training epoch may need to be adopted. 

Table 4. The recall of inference results change by various learning rate decay rate 

LR Decay 
Rate 

Enviroment 
(%) 

Conductors 
(%) 

Pylons 
(%) 

Insulator 
(%) 

Recall 
macro(%) 

Recall 
micro(%) 

0.001 No decay 96,85 99,85 94,35 63,69 88,69 96,83 

0.001 0.5 98,09 99,90 97,59 88,31 95,97 98,13 

0.001 0.7 97,09 99,89 97,82 88,65 95,84 97,95 

0.001 0.8 90.17 99.82 98.91 86.92 93.95 95.75 

 

4.2 Exploration of transfer learning 



To investigate the versatility of the trained model, the previous well trained model was applied to 
another point cloud dataset that was collected from different locations and has different point density. 
The dataset used in previous sections is called as Dataset A, and the new dataset used here is named 
Dataset B. The average point density in Dataset A and Dataset B is about 700 pts/m2 and 400 pts/m2, 
respectively. Three experiments on fine-tuning of new dataset are conducted: 
 

• For “model 1”, the previously trained model of Dataset A is given as basis, the fine-tuning is 
continued on the Dataset B with 10 training epochs to obtain the new model. The final model 
need 20 training epochs, since the base model is also trained for 10 epochs. 

• For “model 2”, the previously trained model of Dataset A is given as basis, the fine-tuning is 
continued on both the Dataset A and the Dataset B with 10 training epochs to obtain the new 
model. The final model need 20 training epochs, since the base model is also trained for 10 
epochs. 

• For “model 3”, no fine-tuning is conducted, ”, the previously trained model of Dataset A with 
10 training epochs is used as “model 3”.  

The classification accuracy of three experiments is summarized in Table 5. Based on Table 3, the 
pylon and insulator accuracy of Dataset A decreases heavily if only fine-tuning on Dataset B is 
performed, and the insulators in Dataset B are also not well recognized (model 1). By fine-tuning on 
both Dataset A and Dataset B, high accuracy could be obtained in terms of objects of environment, 
conductor and pylons on both datasets (model 2). Moreover, the best classification performance 
regarding to insulator  is achieved by “model 2” compared to the other two experiments. Without any 
fine-tuning, the model has a bad prediction for environment and insulator on a new Dataset B (model 
3). 

Table 5. The inference accuracy achieved by different fine-tuning methods 

Model Fine 
tuning Test data Enviroment 

(%) 
Conductors 

(%) 
Pylons 

(%) 
Insulator 

(%) 

Recall 
Macro 

(%) 

Recall 
Micro 
(%) 

Model 1  
Dataset B 

Dataset A 99.39 99.51 87.61 63.28 87.45 95.73 

Dataset B 97.47 99.61 89.16 54.96 85.31 96.26 

Model 2 
Dataset A 

+ 
Dataset B 

Dataset A 98.48 99.84 98.53 79.96 94.20 98.36 

Dataset B 92.25 98.79 92.44 67.29 87.69 92.99 

Model 3 No 
Dataset A 97.09 99.89 97.82 88.65 95.84 98.05 

Dataset B 79.65 94.29 92,96 34,76 75.39 81.11 

 

5, Summary 

With well selected hyper-parameters, PointNet++ could achieve a good classification performance in 
the area of power facilities. For the more frequent classes, a recall above 95% could be achieved in 
each experiment. Only for insulators, the recall is on average 88%.  

The learning rate plays an important role in the learning process, and especially a learning rate decay 
at a reasonable decay rate led to a better classification in our experiments. This is relevant, as the 
resources available for training the network (e.g. time, computing power) are limited.   



For a different point cloud with different point density,fine-tuning needs to be conducted to adapt the 
model to the new dataset. From the results of our experiment, the the best classification result on both 
datasets could be obtained by fine-tuning on both datasets. Again, the rare class posed the largest 
problem in generalizing the model.  
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