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Abstract 

Point cloud classification (semantic segmentation) is an essential problem in remote sensing 

and computer vision research fields. It aims to associate each point with a class label. Driven 

by popular deep learning techniques, point cloud classification has been recently attracting 

new interests [1-2]. Deep learning-based approaches have proved its advantages in many 

applications. However, their performance is restricted by available training data. For airborne 

LiDAR point cloud classification, there are already at least four available benchmark datasets 

contributing to this task: (1) ISPRS Vaihingen dataset [3], the earliest airborne LiDAR point 

cloud classification benchmark; (2) Data Fusion Contest 2018 (DFC 2018) dataset [4], for 

land use classification; (3) Data Fusion Contest 2019 (DFC2019) dataset [5], a recent high-

quality benchmark and (4) AHN3 [6], a nation-scale dataset by the Publieke Dienstverlening 

op de Kaart (PDOK) in Netherlands.   

Currently, many newly proposed approaches have been tested on these datasets by using the 

provided training regions [7-9]. The well labeled datasets as [3] have limited amount of points 

over a small test region. DFC2018 [4] has very detailed ground truth but the ground truth is in 

2D rasterized format. 3D labels cannot be acquired directly. The other two datasets have 

larger data volume but provide only simple labels. For example, DFC2019 [5] only provides 

five valid labels. Even traditional methods can perform well on so few classes, so it is not 

enough to test the high abilities of deep learning approaches. The AHN3 [6] provides a 

nation-scale dataset almost covering the whole Netherlands but also only 5 classes have been 

labeled. Besides, its current labels are very rough. Even the “vegetation”, a very important 

class for research and practical applications, has been merged into the class “others”. Under 

this circumstance, evaluating deep learning-based techniques on the above mentioned dataset 

is limited.  



Except annotating labels again, which is a very time expensive work, a possible solution is to 

jointly use the provided labels from multiple benchmarks. A direct connection among 

different datasets is the relationship among their classes. Although class categories in different 

datasets are various, some of them share one of two relationships. We use two equations, Eq. 

(1) and Eq. (2), to describe these two types.  

The first equation is 

ai in A  = bj in B                                                                                           (1) 

where A and B are two datasets. ai is class i in dataset A while bj is class j in dataset B. For 

example, “buildings” in DFC2019 and AHN3 share this relationship (Figure 1).  
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Figure 1: (a) “buildings” (red) in DFC2019 dataset; (b) “buildings” (red) in AHN3 dataset. 

The second equation is                                   

ai in A  = (b1 + b2 +…+ bn) in B                                               (2)                                                                                        

where A and B are two datasets. ai is class i in dataset A while bj is class j in dataset B. For 

example, “vegetation” in DFC2019 is classified as two subclasses, “shrub” and “tree”, in 

ISPRS Vaihingen dataset. These three classes share this relationship (Figure 2). 
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Figure 2: (a) “vegetation” (green) in DFC2019 dataset; (b) “shrub” (blue) and “tree” (green) 

in ISPRS Vaihingen dataset. 

Due to the above connections among classes in different benchmarks, studies on multiple 

datasets become possible. As a start, we are using ISPRS Vaihingen [3] and DFC2019 [5] 

(training) datasets as training data respectively while using DFC2019 [5] (test) and several 

similar areas in AHN3 [6] as test sets in the experiments. Our experiments can provide 

meaningful information at least in three aspects: (1) testing the transfer ability and tolerance 

of several deep learning-based point cloud classification techniques on multiple datasets, (2) 

evaluating the rationality of classes in each dataset, and (3) providing a possibility to use 

multiple datasets in a point cloud classification task. Related experiment results based on 

multiple datasets are presented in this work. Brief analysis and comparison are also given as a 

reference for future work. 
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