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ABSTRACT

KEYWORDS

DBSCAN is widely used in many scientific and engineering fields
because of its simplicity and practicality. However, due to its high
sensitivity parameters, the accuracy of the clustering result depends heavily on practical experience. In this paper, we first propose a novel Deep Reinforcement Learning guided automatic DBSCAN parameters search framework, namely DRL-DBSCAN. The
framework models the process of adjusting the parameter search
direction by perceiving the clustering environment as a Markov
decision process, which aims to find the best clustering parameters without manual assistance. DRL-DBSCAN learns the optimal
clustering parameter search policy for different feature distributions via interacting with the clusters, using a weakly-supervised
reward training policy network. In addition, we also present a
recursive search mechanism driven by the scale of the data to efficiently and controllably process large parameter spaces. Extensive
experiments are conducted on five artificial and real-world datasets
based on the proposed four working modes. The results of offline
and online tasks show that the DRL-DBSCAN not only consistently improves DBSCAN clustering accuracy by up to 26% and
25% respectively, but also can stably find the dominant parameters with high computational efficiency. The code is available at
https://github.com/RingBDStack/DRL-DBSCAN.
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INTRODUCTION

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) [15] is a typical density based clustering method that determines the cluster structure according to the tightness of the sample
distribution. It automatically determines the number of final clusters
according to the nature of the data, has low sensitivity to abnormal
points, and is compatible with any cluster shape. In terms of application areas, benefiting from its strong adaptability to datasets of
unknown distribution, DBSCAN is the preferred solution for many
clustering problems, and has achieved robust performance in fields
such as financial analysis [27, 54], commercial research [18, 52],
urban planning [37, 43], seismic research [19, 31, 50], recommender
system [25, 34], genetic engineering [20, 41], etc.
However, the two global parameters of DBSCAN, the distance of
the cluster formation 𝐸𝑝𝑠 and the minimum data objects required
inside the cluster 𝑀𝑖𝑛𝑃𝑡𝑠, that need to be manually specified, bring
Three challenges to its clustering process. First, parameters free
challenge. 𝐸𝑝𝑠 and 𝑀𝑖𝑛𝑃𝑡𝑠 have considerable influence on the
clustering effect, but it needs to be determined a priori. The method
based on the 𝑘-distance [39, 40] estimates the possible values of
the 𝐸𝑝𝑠 through significant changes in the curve, but it still needs
to manually formulate 𝑀𝑖𝑛𝑝𝑡𝑠 parameters in advance. Although
some improved DBSCAN methods avoid the simultaneous adjustment of 𝐸𝑝𝑠 and 𝑀𝑖𝑛𝑃𝑡𝑠 to varying degrees, but they also necessary
to pre-determine the cutoff distance parameter [13], grid parameter [12], Gaussian distribution parameter [47] or fixed 𝑀𝑖𝑛𝑝𝑡𝑠
parameter [2, 26]. Therefore, the first challenge is how to perform

