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Abstract 

In recent years the usage of machine learning techniques, such as Convolutional Neural Networks (CNNs), have become state-
of-the-art for various technical applications. However, training such networks usually requires enormous amounts of 
annotated data, to which semantic meaning has been assigned in the form of a so-called label.  In case of geodata, especially 
in three-dimensional space, only a few such labeled data sets are available. Therefore, it is necessary to optimize the labeling 
process for these special data.  

This can be achieved by using Active Learning (AL) [Kovashka et al. 2016]. In [Wortman-Vaughan 2018] AL procedure is 
referred to as a hybrid intelligence system, in which a machine interactively cooperates with a human to combine the 
strengths of both parties. The aim is to process only a subset of the unlabeled dataset that is particularly helpful in terms of 
better class separation. Here, the machine identifies informative instances which are then labeled by humans, thereby 
increasing the machine's performance. Therefore, such "human-in-the-loop" systems [BRANSON et al. 2010] are an efficient 
tool for significantly reducing label costs.  

Nevertheless, labels have to be provided manually, which is often done by experts. Since the labeling process is very time-
consuming and therefore costly, there is an increasing interest in solving such simple label tasks by crowdsourcing. This means 
that the labeling process is outsourced via the Internet to an undefined body of employees. The ImageNet data set [DENG et 
al. 2009] has already been successfully derived using this methodology. This dataset contains over 14 million annotated 2D 
images, which represent everyday life scenes and are therefore familiar to crowdworkers. However, for labeling 3D data, 
much higher demands are placed on the crowd, since the interpretation of 3D data viewed on a 2-dimensional screen requires 
a distinct spatial imagination. To the best of our knowledge, the work of [Herfort et al. 2018] is the only one dealing with 3D 
geodata in the context of crowdsourcing.  

We present an approach for the fully automated efficient selection and annotation of informative points of a given point 
cloud, combining crowdsourcing with AL, which is summarized in Figure 1.  

Since, in AL a classifier requires a first small pool of labeled data, the first task of each crowdworker is to label a representative 
point for each requested class from a given point cloud. In order to eliminate potentially falsely annotated points, an 
independent check of the captured labels takes place within the scope of a second task to the crowd. But, labels obtained, 
typically have a rather low information content. This is due to the fact that informative points in feature space as well as in 
object space are primarily located at the decision boundaries [Ertekin et al. 2007]. However, crowdworkers tend to select 
points further away from the class boundaries because these points can be easily and quickly assigned to a class. These few 
labeled points received, are then used to train a classifier, in this case a Random Forest (RF) [Breiman 2001]. Now all remaining 
points of the point cloud are automatically classified, whereby a first complete classification is given, however of low quality.  

The central element of the AL process is, based on the result of the RF, to identify those points which until now could only be 
classified with low reliability. These are precisely those points with a high information content that need to be added to the 
training pool. These instances can be identified by using a query function, which is given by Vote-Entropy [Argamon-Engelson 
& Dagan 1999] in the context of this work. As a third task these marked points are also given to the crowd for labeling and 
checked via Majority Vote. 

Figure 1:  Crowd-based AL Pipeline. 



After adding these points to the training pool, the RF can be re-trained and the remaining point cloud automatically classified 
again. This procedure is repeated iteratively, so that the training data set is built up step by step from points with a high 
information content in order to increase the performance of the classifier gradually. The iteration is continued until the result 
corresponds to the desired quality or the label budget is exhausted. 

This approach was applied to the ISPRS Vaihingen 3D Semantic Labeling dataset [Niemeyer et al. 2014]. We examine the 
performance of the crowd in the interpretation of 3D data as well as the efficiency of the AL process. 
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