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8.4.1 Traditional Density: Center-Based Approach

Although there are not as many approaches for defining density as there are for
defining similarity, there are several distinct methods. In this section we dis-
cuss the center-based approach on which DBSCAN is based. Other definitions
of density will be presented in Chapter 9.

In the center-based approach, density is estimated for a particular point in
the data set by counting the number of points within a specified radius, Eps,
of that point. This includes the point itself. This technique is graphically
illustrated by Figure 8.20. The number of points within a radius of Eps of
point A is 7, including A itself.

This method is simple to implement, but the density of any point will
depend on the specified radius. For instance, if the radius is large enough,
then all points will have a density of m, the number of points in the data set.
Likewise, if the radius is too small, then all points will have a density of 1.
An approach for deciding on the appropriate radius for low-dimensional data
is given in the next section in the context of our discussion of DBSCAN.

Classification of Points According to Center-Based Density

The center-based approach to density allows us to classify a point as being (1)
in the interior of a dense region (a core point), (2) on the edge of a dense region
(a border point), or (3) in a sparsely occupied region (a noise or background
point). Figure 8.21 graphically illustrates the concepts of core, border, and
noise points using a collection of two-dimensional points. The following text
provides a more precise description.

Core points: These points are in the interior of a density-based cluster. A
point is a core point if the number of points within a given neighborhood
around the point as determined by the distance function and a user-
specified distance parameter, Eps, exceeds a certain threshold, MinPts,
which is also a user-specified parameter. In Figure 8.21, point A is a
core point, for the indicated radius (Eps) if MinPts < 7.

Border points: A border point is not a core point, but falls within the neigh-
borhood of a core point. In Figure 8.21, point B is a border point. A
border point can fall within the neighborhoods of several core points.

Noise points: A noise point is any point that is neither a core point nor a
border point. In Figure 8.21, point C' is a noise point.
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Figure 8.20. Center-based
density. Figure 8.21. Core, border, and noise points.

8.4.2 The DBSCAN Algorithm

Given the previous definitions of core points, border points, and noise points,
the DBSCAN algorithm can be informally described as follows. Any two core
points that are close enough—within a distance Eps of one another—are put
in the same cluster. Likewise, any border point that is close enough to a core
point is put in the same cluster as the core point. (Ties may need to be resolved
if a border point is close to core points from different clusters.) Noise points
are discarded. The formal details are given in Algorithm 8.4. This algorithm
uses the same concepts and finds the same clusters as the original DBSCAN,
but is optimized for simplicity, not efficiency.

Algorithm 8.4 DBSCAN algorithm.

: Label all points as core, border, or noise points.

Eliminate noise points.

Put an edge between all core points that are within Eps of each other.
Make each group of connected core points into a separate cluster.

Assign each border point to one of the clusters of its associated core points.

Time and Space Complexity

The basic time complexity of the DBSCAN algorithm is O(m x time to find
points in the Eps-neighborhood), where m is the number of points. In the
worst case, this complexity is O(m?). However, in low-dimensional spaces,
there are data structures, such as kd-trees, that allow efficient retrieval of all




