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HIGHLIGHTS

e A robust method to detect and remove all types of outliers in scanned point clouds.

o Ability to preserve valid point clusters of small size.
o Effectiveness validated with a variety of scanned point clouds.
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When scanning an object using a 3D laser scanner, the collected scanned point cloud is usually contami-
nated by numerous measurement outliers. These outliers can be sparse outliers, isolated or non-isolated
outlier clusters. The non-isolated outlier clusters pose a great challenge to the development of an auto-
matic outlier detection method since such outliers are attached to the scanned data points from the object
surface and difficult to be distinguished from these valid surface measurement points. This paper presents
an effective outlier detection method based on the principle of majority voting. The method is able to de-
tect non-isolated outlier clusters as well as the other types of outliers in a scanned point cloud. The key
component is a majority voting scheme that can cut the connection between non-isolated outlier clusters
and the scanned surface so that non-isolated outliers become isolated. An expandable boundary criterion
is also proposed to remove isolated outliers and preserve valid point clusters more reliably than a simple
cluster size threshold. The effectiveness of the proposed method has been validated by comparing with

several existing methods using a variety of scanned point clouds.

© 2014 Elsevier Ltd. All rights reserved.

1. Introduction

Measurement outliers are inevitable by-products of 3D scan-
ning. When scanning an object with complex geometry and vary-
ing surface reflectiveness, the collected scanned point cloud may
contain extensive outliers, which are false measurement points not
belonging to the scanned surface. Such erroneous data points pose
some problematic issues to the applications of the scanned point
cloud. In the context of quality inspection, outliers indicate abrupt
large deviations from the reference design model and this may lead
to false inspection result. In reverse engineering, since outliers can
form dense clusters, they can lead to erroneous surface patches,
known as ghost surfaces, which do not exist on the scanned ob-
ject [1]. Therefore, it is critical to detect and remove these mea-
surement outliers as a preprocessing step. In comparison to the
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common tedious manual removal process, which is time consum-
ing and relies on the operator’s experience, it is highly desirable to
develop an automatic outlier detection and removal method. How-
ever, automatic and effective removal of measurement outliers is
challenging since the scanned object surface model is unavailable
and the estimate of the object surface shape would be inaccurate
in the presence of extensive outliers.

From a local point density perspective, outliers in a scanned
point cloud can be sparsely distributed or densely clustered. The
dense outlier clusters can be further classified into isolated clus-
ters and non-isolated clusters. The non-isolated outlier clusters
seamlessly connect to the scanned object surface and cannot be
separated using a simple distance criterion [1]. Fig. 1 shows the
three types of outliers present in a scanned point cloud from a
gear. Because the surface is reflective and contains sharp fea-
tures and concave geometry, extensive outliers are formed around
these features due to the undesirable specular reflections, multi-
path reflections and occlusions in the scanning process [2]. Unlike
scanning noise, which is commonly assumed to be randomly dis-
tributed, these outliers are systematic and can form ghost surfaces
not part of the scanned object. To alleviate the effect of surface
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Fig. 1. A scanned point cloud from a gear showing the sparse outliers, isolated and
non-isolated outlier clusters.

reflectiveness, it is common to spray the object with a thin layer
of gray powder so that the resulting outliers would be less. How-
ever, such a treatment may introduce the issues of accuracy reduc-
tion and part contamination, and is inapplicable when scanning, for
example, final machined parts, medical components, clean room
parts, polished parts [1]. Moreover, some industrial applications,
such as in-process inspection, require parts being scanned in the
mist of their manufacturing operations. In such situations, the ex-
tra process of spraying would not be ideal for productivity concern.
Therefore, an effective method that can reliably detect outliers is
definitely in great demand.

Many outlier removal methods have been proposed in the lit-
erature but they generally focus on a certain type of outliers and
are inapplicable to other types of outliers. For example, methods
to remove sparse outliers [3,4] detect outliers based on low local
point density and rely on the condition that the local neighborhood
of each point contains sufficient data points. Such methods are un-
able to detect dense outlier clusters since the local neighborhood of
each point in an outlier cluster still contain a good number of data
points. To detect outlier clusters, existing methods [5,6] segment
a scanned point cloud into many clusters and then set small clus-
ters as outliers, which will mistakenly remove good clusters with
smaller numbers of data points. When non-isolated outlier clus-
ters exist in the point cloud, these outliers will be indistinguish-
able and blend into the scanned object surface. To remove these
non-isolated outliers, Shen et al. [1] proposed a surface propaga-
tion method based on the assumption that outliers were randomly
distributed and should not form smooth surface patches. How-
ever, such an assumption is not always valid in practice since non-
isolated outlier clusters are in fact systematic and can actually form
planar surface patches. Thus, non-isolated outliers remain unde-
tected.

In this work, a comprehensive outlier detection method is de-
veloped to effectively identify sparse outliers, isolated outlier clus-
ters, and non-isolated outlier clusters in scanned point clouds.
Among the three types of outliers, non-isolated outlier clusters
are the most challenging to detect since they are connected to the
scanned surface and can even form planar patches. Common clus-
tering methods will always end up with clusters in which non-
isolated outliers are mixed together with good surface points. To
address this issue, a majority voting based approach is proposed to
reliably detect and transform non-isolated outlier clusters into iso-
lated clusters. Then, an expandable boundary criterion is employed
to remove all the sparse outliers and the isolated outlier clusters,
as well as to preserve critical geometric features such as sharp
edges.

2. Existing methods

Many methods have been proposed in the literature to detect
sparse outliers, isolated outlier clusters, and non-isolated outlier
clusters. Sparse outliers are erroneous measurement points with

low local point density. Based on the assumption that the local
point density of a scanned point cloud follows the Gaussian dis-
tribution, Rusu et al. [3] proposed an efficient approach to detect
sparse outliers, which correspond to low point densities. In prac-
tice, however, the scanned point cloud density for good surface
points can be non-uniform and incomplete. For example, small
subtle geometric features with color and reflectiveness variations
are often sparsely sampled and would be falsely categorized as
outliers. Sotoodeh [2] proposed a density-based algorithm, which
also encounters the similar issue since point density is insufficient
to distinguish sparse outliers from sparse good points. Weyrich
et al. [4] applied three criteria to detect outliers in the neighbor-
hood of each data point using user-specified parameters. For a
point in a dense outlier cluster, its neighborhood does not contain
sufficient good points and this makes this approach ineffective for
outlier clusters.

For isolated outlier clusters, which have high point density and
are relatively separated from the scanned surface, clustering tech-
niques, such as spatial graphs [6] and region growing [5], have been
adopted to classify the whole scanned point cloud into many clus-
ters. Then, the small clusters are treated as outliers and removed.
However, small good clusters due to insufficient sampling are re-
moved as well. Moreover, a point cloud may have non-isolated
outlier clusters that are not separable using a distance criterion.
Therefore, clustering approaches will end up with some clusters
where good points and outliers coexist. Recently, Wang et al. [7]
utilized a distance-based deviation factor to detect sparse outliers
and then detected small outlier clusters using region growing. Un-
fortunately, non-isolated outlier clusters were not considered.

To detect non-isolated outliers, Shen et al. [1] proposed an it-
erative surface propagation scheme based on the assumption that
all outliers are randomly distributed so that they are hardly on the
same plane. However, such an assumption is not always valid. The
outliers caused by undesirable specular reflections are systematic
and can form local planar patches with an offset from the scanned
surface. As aresult, these outliers will be mistakenly treated as reg-
ular points under the surface propagation scheme. Kéhler et al. [8]
developed a special structured light scanning system with an aim
to detect and remove outliers during object scanning through
additional sensory information. The involved data processing al-
gorithms are thus only applicable to the particular scanning
system.

Many point cloud smoothing algorithms can be used to reduce
outliers. In such a context, outliers are simply treated as points with
large noise. For example, common moving least-squares meth-
ods [9-11] can robustly project noisy points to the estimated sur-
faces in the presence of sparse outliers. However, such locally
estimated surfaces can be biased towards outliers if the local neigh-
borhood contains a large number of outliers from dense outlier
clusters. Other smoothing techniques, such as Laplacian [12], mean
curvature flow [13,14], bilateral filter [15,16], anisotropic diffu-
sion [17], non-local denoising [ 18] and statistical methods [19,20]
are all fundamentally based on the local neighborhood concept and
may not work reliably among dense outlier clusters.

3. Non-isolated outlier detection

Detecting the non-isolated outlier clusters is challenging since
these outliers are attached to the scanned surface and cannot
be easily separated. Some non-isolated outlier clusters can even
form smooth patches like good surface patches. To address this
issue, a majority-voting scheme is proposed to cut the connections
between non-isolated outlier clusters and the scanned surface so
that the non-isolated outlier clusters become isolated.
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