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ABSTRACT

This paper introduces an effective method for outlier detec-
tion from the point cloud data. Although, the state-of-the-art
methods offer good results in removing outliers, in most of the
cases inliers are also removed erroneously. This paper focuses
on this issue using the information based on a relative loca-
tion from a point to its neighbours and a robust z-score based
on a statistical approach. Synthetic datasets for 3D building
roofs have been created to evaluate the performance. When
compared with the existing methods, the proposed method
exhibits better performance, i.e., 19% more recall for inliers,
6% more precision for outliers and 10% more overall accu-
racy. In other words, it not only preserves the inliers, but also
correctly removes the outliers with a better precision rate than
the current state-of-the-arts methods.

Index Terms— Outlier Detection, Point Cloud, Local
Outlier, Point Cloud Denoising

1. INTRODUCTION

Presence of outliers in point cloud data is inexorable. Limi-
tations or unexpected behaviour of the data collector sensors,
multiple reflections, natural variations etc. are the common
causes of outliers in point cloud data. Dataset impinged with
different types of outliers degrades the performance of differ-
ent applications. For example, using LiDAR (Light Detection
and Ranging) point cloud data building roof extraction [1],
3D reconstruction of buildings in a city [2] and solar potential
estimation [3] can be affected by presence of outliers. A set
of outliers may create false building planes which leads to a
serious fault for the automated system. Removal of outliers is
an inevitable pre-processing in these cases.

Point cloud data are usually unorganised, inconsistent
with respect to densities and also geometrically inharmo-
nious. These phenomena make the outlier detection process
complex and difficult. It is a process of identifying the data
which do not show the expected behaviours and can be sep-
arated from the pattern of the majority. Outliers need to be
removed but it also should be in consideration that the inliers
must be retained. In some applications, incorrectly removed
inliers create missing data problem which is more harmful.
So, a method which can detect and remove the outliers and at

the same time keep the inliers as complete as possible will be
more effective.

Both supervised and unsupervised approaches exists to
detect the outliers from point cloud data. Supervised ap-
proaches are effective for many classification tasks. But in
case of outlier detection, this approach is complex in reality
for various reasons. First of all, the accurate labelled data
with inliers and outliers are not easily available to train the
system. On the other hand, outliers exhibits dynamic natures
and properties. So, suitable features are difficult to figure out
the nature of outliers.

Chandola et al. [4] classified three types of outliers: point,
collective and contextual outliers. A point outlier shows sig-
nificant difference from the rest of the dataset. In collective
outlier, a group of data shows the deviation while contextual
outliers are the instances which are different in a specific con-
text. Point outliers is subdivided into local and global out-
liers. If the global outliers are sparsely distributed in point
cloud data then a method designed for detecting local outlier
can also detect the global outliers [5].

In this paper, we propose an unsupervised outlier detec-
tion method contemplating to make the roof extraction or 3D
modelling more robust. The statistical approach, which is
mainly based on distance measures from the neighbourhood
of a 3D point is used for the method. We create synthetic
datasets with inliers and outliers and compare the result of
the proposed method with the two state-of-the-art methods
[6, 7]. Section 2 describes the related works and the proposed
method is presented in Section 3. Experimental results with
the test datasets are demonstrated in Section 4, and finally,
Section 5 concludes the paper.

2. RELATED WORK

Outlier detection methods from point cloud data have been
developed and implemented both in supervised and unsuper-
vised classification approaches in various area including ma-
chine learning, pattern recognition, hyperspectral image pro-
cessing, statistics and data mining.

In supervised approach, a model is trained using some
known labelled data. The model uses a classifier for the train-
ing purpose. The test data points are classified as either in-
liers or outliers based on the decision of the classifier. Liu et



al. [8] proposed an Support Vector Data Descriptor (SVDD)
based approach to detect outliers on uncertain data which op-
erate on two steps. In the first step, they generated a pseudo
training set using a confident score for each sample and, in
the second step, the set was used for training a global SVDD
classifier. Recently Stucker et al. [5] used standard Ran-
dom Forest Classifier to find out the label (inlier or outlier)
of each input 3D points. They applied semantic and non-
semantic approaches in their paper. In the semantic approach
they trained the classifier incorporating inliers and outliers for
each semantic class like roof, vegetation, ground, water etc.
In the non-semantic approach, features extraction and classi-
fier training were performed without considering the interpre-
tations of individual classes.

Unsupervised approach for outlier detection is the most
common because of unknown behaviours of outliers and un-
availability of labelled ground truth data. These methods
mainly follow statistical formula, distance and density based
techniques. In statistical techniques the outliers are identified
based on a standard probability distribution [9]. Rusu and
Cousins [10] assumed that the inlier points show a Gaussian
distribution and the statistical hypothesis testing of outliers
exhibits more than a certain confidence interval. Nurunnabi
et al. [7] proposed two methods for outlier detection using
robust statistical techniques. The first method is based on a
robust z-score and the second method used the Mahalanobis
distance to identify the outliers. Zang et al. [6] calculated
the outlier-ness of a point in scattered data by proposing the
Local Distance-based Outlier Factors (LDOF). This method
identified the relative location of the point to its neighbour
and found the degree to which the point deviated from its
neighbours. According to Luo et al. [11] LDOF performs
better in 2D sliced and projected points, while 3D neighbours
of a point in LDOF degrade its performance. Clustering based
unsupervised approaches has also been applied to remove out-
liers [12]. Awrangjeb et al. [13] removed the small clusters
which were less than 1 m2. They used the term ‘false plane’
instead of outlier in their paper. The false planes contained
significantly less data points than the true planes.The perfor-
mance of their approach highly depended on the clustering
algorithm applied on the input data.

The proposed unsupervised method is based on a statis-
tical analysis and relative distances among the neighbouring
points in point cloud. Delaunay triangulation has been used
for calculating the natural neighbourhood.

3. PROPOSED METHOD

As mentioned earlier, outlier can be divided into two cate-
gories: local outliers and global outliers. Finding the global
outliers is not a congenial way because global outliers are
sparse and do not show distinctive geometric attributes.
Sometimes global outliers form micro clusters which mis-
lead the detection process. The method proposed in this

paper tries to find out the local outliers using the informa-
tion of the neighbours of each 3D point. We mainly adopt
the methods Maximum Consistency with Minimum Dis-
tance (MCMD) using Robust z-score (Rz) (see eq.(1)) and
LDOF (see eq.(2)) proposed in Nurunnabi et al. [7] and Zang
et al. [6], respectively. Both of these methods used local
neighbouring points to make their decision about outliers and
applied the k-Nearest Neighbourhood algorithm (k-NN). Rz
score only gives an indication of relative Orthogonal Distance
(OD) from a point to the plane created by the neighbouring
points and LDOF provides the relative location of a point to
its neighbours. Our proposed method considers both of the
scores for making the decision about an inlier. Since some
inliers may be misclassified by considering only Rz score
[7] or the relative distance alone in 3D point cloud [6], the
relative distance and Rz score together give a better decision
for inliers.

Let Np = {qj} where j ≥ 1 be the set of all neighbours
of a point pi in the point cloud data, n be the cardinality of
Np, dpi be the average distance from all neighbours in Np to
pi and Dpi be the average distance among all points in Np

and |..| indicate the absolute value.

Rzi =
|pi −median(Np)|

a.median
i

|pi −median(Np)|
, i = 1....n. (1)

LDOF (pi) =
dpi
Dpi

, (2)

where
dpi =

1

n

∑
qjεNp

dist(qj , pi)

and

Dpi =
1

n(n− 1)

∑
qj ,qj′ εNp,j 6=j′

dist(qj , qj′ ) .

Our proposed algorithm first calculates Rz score of a spe-
cific point using MCMD Z algorithm. We choose a = 1.483
in eq.(1) as a correction factor to make the Rzi score consis-
tent [9]. Next, the algorithm finds the LDOF score for each
of the 3D points in a cluster. If a point exceeds the predefined
thresholds Tz and Tl for Rz and LDOF, respectively, then we
consider the point as an outlier. The proposed outlier detec-
tion method is summarised in Algorithm 1.

Although the well-known neighbourhood searching meth-
ods k-NN [7] and different forms of Fixed Distance Neigh-
bourhood (FDN) [14] have been used by many researchers
for point cloud analysis, we use the delaunay triangulation
to calculate neighbourhood as it gives the natural neighbour-
ing points and free from choosing the values like k or dis-
tance thresholds. Using our dataset, we also found that for
higher k values (more than 100) the existing methods (LDOF,
MCMD Z and MCMD MD) show good results, whereas de-
launay algorithm chooses approximately 10 to 15 times less



Algorithm 1 Outlier Detection

1. Find the neighbours Np of a point pi using Delaunay
triangulation

2. ∀i ∈ Np

• Find Robust z-score Rz using MCMD Z and use
delaunay triangle for neighbourhood calculation
in all cases

• Find LDOF score for each of the points with re-
spect to their neighbours

3. if Rz(i) < 2.5 and LDOF (i) < 1

4. inlier ←− i

5. else, outlier ←− i

points to make the decision. This makes the proposed algo-
rithm faster along with better results.

4. EXPERIMENTAL RESULTS

Major problem for outlier detection from point cloud research
is the limitation of the ground truth dataset. For experiment,
therefore, we applied our proposed method on two synthetic
datasets we have created. The datasets and results are de-
scribed in the following subsections.

4.1. Dataset

Available datasets are not labelled with inliers and outliers. To
generate a labelled dataset we take help from the method pro-
posed by Awrangjeb et al. [2]. The method is a data driven ap-
proach for building roof reconstruction and change detection.
We first constructed a 3D building roof using their method
from the LiDAR data and then created synthetic inliers and
outliers on each of the roof planes.

For experimental purpose we first applied our method
on a single building (SB) created from the Aitkenvale (AV)
dataset. After that we applied the proposed method on the
main dataset consisting of 5 different buildings. The area of
the site is 66 m × 52 m with point density 40 points/m2. For
the first case we manually created a total of 1360 3D points
among which 1225 are inliers and 135 are outliers. Inlier
points are created with orthogonal distance between 0 to ±
0.05 meter of the roof plains. Outliers are also randomly
generated for each plane with orthogonal distance from ±
0.06 to ± 0.45 m. Again we created ground truth with 3924
inliers and 612 outliers (approximately 15%) for 5 buildings
with 22 roof planes on Aitkenvale dataset.

Fig. 1 (a) shows the created inliers and outliers on a build-
ing with 8 roof planes. Red star (*) indicates the outliers and

Table 1. Accuracy measures using Single Building (SB) data
model

Methods TPR TNR FPR FNR Acc

LDOF 0.31 0.70 0.31 0.69 0.71
MCMD Z 0.70 0.82 0.17 0.28 0.89
MCMD MD 0.60 0.83 0.16 0.40 0.81
Proposed 0.75 0.97 0.03 0.24 0.95

black dot (.) indicates the created inliers. Fig. 1 (b) shows the
3D models of the buildings we have used for our experiment.

Fig. 1. Aitkenvale (AV) dataset: (a) Inliers and outliers on
single building roof and (b) 3D roof models of AV dataset

4.2. Results

We find the inliers and outliers using our method and compute
precision, recall, F1-score. True Positive Rate (TPR), True
Negative Rate (TNR), False Positive Rate (FPR), False Neg-
ative Rate (FNR) are also calculated using the conventional
formulas. The proposed method is compared with three other
methods LDOF, MCMD Z and MCMD MD as mentioned
earlier. The ratio of the number of outliers correctly detected
to the total number of outliers is defined as TPR whereas ratio
of the correctly identified inliers to the total number of inliers
is described as TNR. The number of inliers identified as out-
liers with respect to the total number of inliers is defined as
FPR. Again, the ratio of the total number of outliers detected
as inliers to the total number of outliers is identified as FNR.

From Table 1 and Table 2 it is clear that the proposed
method performed better than the other three methods. TNR
and accuracy are quite higher for both of the datasets which is
the main goal of this research. Table 3 shows comparisons us-
ing Precision, Recall and F1-score for both datasets we have
used where better results by the proposed method are evident.
Although we can see that our method shows a little bit lower



Table 2. Accuracy measures using Aitkenvale (AV) five
building data models

Methods TPR TNR FPR FNR Acc

LDOF 0.53 0.54 0.49 0.48 0.54
MCMD Z 0.81 0.79 0.18 0.19 0.86

MCMD MD 0.72 0.73 0.26 0.27 0.76
Proposed 0.79 0.98 0.02 0.19 0.96

Table 3. Comparison with different methods M1 = LDOF [6],
M2 = MCMD Z [7], M3 = MCMD MD [7]

SB Dataset

M1 M2 M3 Proposed

In
lie

r Precision 0.85 0.97 0.95 0.97
Recall 0.75 0.80 0.83 0.96
F1-score 0.79 0.88 0.89 0.97

O
ut

lie
r Precision 0.15 0.69 0.30 0.75

Recall 0.31 0.70 0.60 0.74
F1-score 0.21 0.69 0.39 0.75

AV Dataset

M1 M2 M3 Proposed

In
lie

r Precision 0.87 0.99 0.95 0.97
Recall 0.53 0.72 0.73 0.98
F1-score 0.66 0.82 0.83 0.97

O
ut

lie
r Precision 0.20 0.60 0.26 0.84

Recall 0.52 0.90 0.71 0.82
F1-score 0.28 0.71 0.39 0.83

precision for inliers and recall for outliers than MCMD Z for
the AV dataset, it means the proposed method emphasis on in-
liers and misclassifies some outliers, but the overall F1-score
is quite higher than the three state-of-the-art methods.

5. CONCLUSION

In this paper, we have proposed an outlier detection method
from the 3D point cloud data and the experimental results
show better performance for inliers and outliers identification
than the state-of-the-art. Most of the existing methods remove
inlier points by wrongly detecting those as outliers. This is a
major problem for 3D reconstruction because of missing true
inlier points. The proposed method is almost 98% accurate
for inliers and shows overall 96% accuracy. In future, we will
investigate how to apply the method for 3D building recon-
struction and accurate solar potential estimation of a particu-
lar area, based on point cloud data with better accuracy.
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