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Abstract: Accurate and robust three-dimensional reconstruction of objects allows for applications in many aspects of modern
life. Yet, it typically suffers from outliers and noise which often need to be post-processed. Although many algorithms are able to
effectively remove the outliers, most require a certain amount of manual tuning of the parameter(s) or to have a parameter(s) set
based on the rule of thumb. New machine learning and artificial intelligence-based methods have also been introduced but may
require vast parallel computing resources as well as training data. In the present study, a novel combinatory-distance-based
method capable of high accuracy outlier detection named as the sorted distance divergence point (SDDP) is introduced. Results
show that SDDP is able to achieve an average accuracy of 98% in outlier detection. Moreover, the introduced distance function
and outlier percentage allow clear labelling of inliers and outliers cloud points. Therefore, SDDP presents an attractive
enhancement to existing methods; namely, the manual parameter(s) tuning may not be necessary. The adaptability and utility of
SDDP is further demonstrated by incorporating SDDP with current methods, to produce a high accuracy outlier detector. When
tested with 17 objects with 20–50% outliers, attain F1 and F2 scores averaging 0.960 and 0.968, respectively.

1 Introduction
The ability to obtain and reconstruct three-dimensional (3D) data
about objects and scenes is invaluable in numerous applications
ranging from quality assessment, reverse engineering, autonomous
vehicles, medicine, art and architecture digital archiving as well as
remote sensing [1–6]. However, the point cloud or depth map
returned from the object or scene scan tends to contain a certain
amount of outliers. These outliers are inevitable by-products due to
various factors such as human error, surface reflectivity, surface
roughness, complex shape, material properties, environmental
noise as well as instrumental errors [7, 8]. We are particularly
interested in the application of outlier removal to a newly
introduced study where a net immersed in fractal-generated
turbulence is reconstructed in 3D for further understanding of
fluid-structure interaction [9]. The accurate removal of an outlier in
the reconstruction process is important in this application to
characterise the net-turbulence interaction from both local and
global scale. Due to the transient nature of the interaction, the net is
reconstructed as a point cloud morphing in a time series, which
results in a large amount of data where it is not practical to perform
manual tuning of parameters with traditional outlier detection
algorithms.

In this paper, we propose a novel distance-based outlier
percentage estimation method together with an outlier removal
method that requires little to no parameter tuning without the need
for training with large data sets.

The remainder of this paper is organised into five sections. In
Section 2, we summarise related work on various types of outlier
detection methods. In Section 3, the proposed outlier percentage
estimation method and the parameter-free outlier detection method
are presented in detail. Section 4 presents the evaluation of the
proposed method as well as comparison to current state-of-the-art
methods using synthetic data as well as point clouds obtained from
real 3D laser scanned objects. Finally, we conclude our study in
Section 5.

2 Related work
The importance of outlier removal for point clouds is further
attested by the extensive literature available [10–14]. Here we
briefly review a number of established as well as cutting-edge

methods. The reviewed methods are grouped into three categories:
distance-based methods, surface fitting methods and neural
networks.

2.1 Distance-based methods

Distance-based methods work on the idea that an outlier is a point
that has a position such that its distance from other points deviates
from a typical value or range. Some of the most popular distance
functions are Euclidean functions, but non-Euclidean functions
have also seen use [15]. The seminar work by Rusu et al. [16]
implements a Euclidean distance to the query point's neighbours
and aggregate the distance to each neighbour by averaging. Wang
et al. [17] implement k-distance and k-distance neighbourhood with
the incorporation of various conditions. The widely used
computational geometry algorithms Library implements the
distance-based outlier detection based on the work by Guibas et al.
[18] and Chazal et al. [19]. Although highly effective and
computationally efficient, distance-based methods, typically,
require non-trivial parameter tuning to balance recall and accuracy
not suited for our intended application with transient data.

2.2 Surface fitting/dictionary methods

Another effective outlier removal strategy successfully
implemented by many researchers is the fitting of surfaces or
shapes to the point clouds. Wang et al. [20], Nurunnabi et al. [21],
Zhang et al. [22] and Li et al. [23] all demonstrate the successful
application of surface and curve fitting to a point cloud. Lescoat et
al. [24] reviews various dictionary-based surface reconstruction
methods which fit shapes to the point cloud or parts of the point
cloud using various combinations and transformations such as
corner matching [25] and voting schemes [26]. Some further
examples include the work by Shen et al. [27] and van den Hengel
et al. [28], which fit shapes by matching silhouette. Surface fitting
and dictionary methods have the advantage of being able to
represent large data in a compact manner while removing outliers.
However, a side effect of this is that fine details of the surfaces
may be difficult to preserve which would be required for our
intended application.

IET Image Process., 2020, Vol. 14 Iss. 14, pp. 3414-3421
© The Institution of Engineering and Technology 2020

3414



2.3 Neural network methods

With the increase in computational power, machine learning has
seen an increased prevalence for point cloud processing in recent
years. Particularly, deep learning neural networks, which have been
used extensively in point cloud classification and segmentation. In
the seminar work by Qi et al. [29], PointNet as well as its
numerous variations such as DGCNN [20], PCPNet [21] and
Pointnet + + [22] mainly focus on the important work of
classification and segmentation of point clouds. A variant of
particular interest to us is PointCleanNet (PCNet) by Rakotasaona
et al. [23] which is designed for outlier removal as well as
denoising point clouds. One of the main advantages of deep
learning methods is that parameter tuning is not necessary. Apart
from that, deep learning methods benefit from robustness and
adaptability that comes from extensive training. However, a key
requirement for deep learning methods is the requirement of large

comprehensive training sets and potential bias against objects that
differ significantly from the objects in the training set.

3 Algorithm
In this section, we detail the working principle of the proposed
algorithm. Fig. 1 provides an overview of the approach of which
our key contribution is in the use of a combinatory-distance
function and unique outlier percentage estimation step resulting in
a shape-independent parameter-free outlier detector. 

3.1 Distance function

The proposed algorithm uses a combinatory-distance function as
the basis for the outlier percentage estimate and for the outlier
detection. This section details the distance value calculation for
each point, which is the first step (blue box, Fig. 1a).

For an object point, O, its three closest points are defined as its
neighbours P1, P2 and P3, while C is the centroid of P1, P2 and P3
as shown in Fig. 2. 

The first component of the distance function, D1 is the widely
used Euclidean distance between O and C (1). D1 allows for a
simple yet effective measure of how far O deviates from its
neighbours. However, this may unwantedly return a large D1 value
when the position of O is skewed much closer to one of its
neighbours compared to the other two while still lying close to the
actual object surface

D1 = Ox − Cx
2 + Oy − Cy

2
+ Oz − Cz

2 (1)

As such, for the second component of the distance function, we
introduce the use of the normal distance, D2 (2) between O and a
plane formed by P1, P2 and P3. This places a larger emphasis on O
lying close to the surface. This also helps with the edges of flat
features where O is not contained by P1, P2 and P3 when viewed
normal to the P1, P2 and P3 plane. Note that OP is the vector from
Pn to O

D2 = OP ⋅
P2 − P1 × P3 − P1

∥ P2 − P1 × P3 − P1 ∥2

(2)

The final component is the spread of the neighbours, S (3). This
mitigates unwanted removal of O when it is the tip of a pointed
object or is at the end of a thin structure. Furthermore, the spread, S
allows for a globally comparable quantification of local uniformity

S =
∑i = 1

3
Pix − Cx

2 + Piy − Cy
2
+ Piz − Cz

2

3
(3)

The final distance function, Dist, is defined as a uniformly
weighted summation of its components as in (4) where W1, W2 and
W3 are the weightage for each component

Dist = W1D1 + W2D2 + W3S (4)

The weightage was arbitrarily selected to be W1 = W2 = W3 = 1 as it
was able to detect the outliers with an error of <3.6% when tested
with a few objects at various outlier percentages as seen in Table 1. 
Using the data set we prepared as will be described in Section 4.1
we have also performed a cursory investigation on the effect of

Fig. 1  Flow chart illustrating the key steps of SDDP; distance calculation
(blue), outlier percentage estimation (green) and outlier detection/labelling
(red)

 

Fig. 2  Example of an object point and its three neighbours with two
components, D1 and D2 of the distance function

 

Table 1 Outlier detection error with uniform weightage
Object Outlier percentage, %

20 30 40 50
bearing 1.78 1.87 2.05 2.28
bird 2.90 3.02 3.22 2.40
fish 2.87 2.84 2.21 2.37
hand 3.34 3.52 3.31 3.58
octopus 1.90 2.09 2.21 2.44
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varying each of the weightage from 0.7 to 1.0 at intervals of 0.1
one at a time while holding the other two weightages constant at
1.0. Table 2 shows the maximum error for each object–outlier
percentage combination. For each object–outlier percentage
combination, Table 2 shows the maximum error from all three sets
of the following cases:

Set 1: W1 = 1.0, W2 = 1.0, W3 = 0.7… 1.0
Set 2: W1 = 1.0, W2 = 0.7… 1.0, W3 = 1.0
Set 3: W1 = 0.7… 1.0, W2 = 1.0, W3 = 1.0.

Comparing Tables 1 and 2, it is observed that apart from the
anomalous case with the bird at 50% outlier percentage, the outlier
detection error does not vary >0.5%. This indicates that using a
weightage of 0.7 to 1.0 has a little noticeable effect on the accuracy
and outcome of sorted distance divergence point (SDDP).

3.2 Outlier percentage estimation

Progressing through the flow chart in Fig. 1 to the green boxes
(second and third box, Figs. 1b and c), we describe the unique
outlier percentage estimation step in this section.

Sorting the distance function (4) described in Section 3.1 from
smallest to largest results in Distsort as shown in Fig. 3, we can
observe a predominately flat region from index 0 to 10 × 104

(green) preceding a region with a distinct increase in Distsort, from
index 10 × 104 to 14 × 104 (Cyan). 

The separation between the two regions provides an
approximate threshold for differentiating between the Dist values
of the inlier and outlier points. This divergence point of the Distsort
is thus the namesake of the proposed method; SDDP.

Our approach to locating this divergence point involves
smoothing Distsort with a moving average to obtain Distsort–smooth.
Subtracting Distsort from Distsort–smooth yields ΔDist that can also
be smoothened with a simple moving average to obtain
ΔDistsmooth. Fig. 4 shows Distsort, Distsort–smooth (left axis), ΔDist
and ΔDistsmooth (right axis). Although the divergence point is
coincident with the first major peak of ΔDist, we have found that
the midpoint between the first major peak of ΔDist and the first
major peak of ΔDistsmooth corresponds well to the number of inlier
points in a point cloud. This is visualised in Fig. 4 where the SDDP
estimate of inlier numbers is shown along with the ground truth
number of inliers. We define major peaks as peaks which satisfy
(5)

ΔDist > ΔDist − σΔDist (5)

where ΔDist is the mean of ΔDist and σΔDist is the standard
deviation of ΔDist.

Hence the estimated outlier percentage, Ω is given as below

Ω =
NSDDP

NTotal − NSDDP
× 100% (6)

where NSDDP is the estimated number of inliers using SDDP. NTotal
is the total number of points in the input point cloud.

An important part of outlier percentage estimation and detection
is the ability to determine if a point cloud is sufficiently clean
(<0.5% outliers for our purpose) as to not erroneously remove
important data. In SDDP, the point cloud is deemed sufficiently
clean if the peak of ΔDistsmooth adjacent to the first major peak of
ΔDist is at the end of the X-axis as shown in Fig. 5. In this case,
NSDDP is taken to be the point index of PeakΔDistsmooth.

Note that the span used for both smoothing operations were
arbitrarily chosen to be 10% of the total number of points. The
outlier percentage estimation was used to evaluate five objects with
outlier percentages of 20, 30, 40 and 50%. From Fig. 6, we observe
that a smoothing span within the range of 5–15% provides largely
similar estimate for all five objects and four outlier percentages
tested. 

3.3 Outlier detection

Using the outlier percentage obtained as in Section 3.2, we can
perform the labelling step preluded in the purple (fourth) box,
Fig. 1d. Here, the points are labelled as inliers and outliers based
on the Dist values. The first NSDDP points with the smallest Dist
values are inliers while the remaining points are labelled as
outliers.

This outlier percentage or outlier number estimate can also be
used as an input parameter into other algorithms to reduce or even
eliminate the need for tuning. For example, we introduce the
SDDP–RUSU method, which uses SDDP to estimate the number
of outliers in a point cloud, which then uses Rusu's method [16] to
obtain the list of point distances. The outliers are then identified by
setting the inlier distance threshold in Rusu's method to be the

Table 2 Maximum outlier detection error with varied
weightage
Object Outlier percentage, %

20 30 40 50
bearing 1.80 1.92 2.20 2.36
bird 3.00 3.13 3.42 13.18
fish 2.96 3.16 2.44 2.69
hand 3.34 3.66 3.50 3.66
octopus 2.01 2.12 2.40 2.69

 

Fig. 3  Plot of Distsort with the green and cyan region separated by the
divergence point

 

Fig. 4  Distance plot for point cloud with outlier for locating the
divergence point which coincides with the ground truth inlier count
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NSDDPth smallest value from the point distance list calculated with
Rusu's method.

4 Comparison and validation
4.1 Synthetic data

In order to evaluate the performance and capabilities of SDDP and
SDDP–RUSU, we conduct a set of comparative test to current
state-of-the-art methods; specifically Rusu's method (RUSU) [16],
PCNet [23], PointNet [29] and PCPNet [21]. To create the data set,
we use 17 objects from [30]. We normalise all objects to unit
diagonal and add Gaussian outliers with a standard deviation of
0.15. For each object, we add 10, 20, 30, 40 and 50% outliers for
85 test cases.

For RUSU, α parameter is set to 0 and k parameter set to 21. We
use this parameter set as the combination was found to provide the
highest average accuracy within the range of 0 < α<1 at intervals of
0.1 and 1 < k<26 at intervals of 5. As PointNet is primarily a
classification and segmentation network, we iterate over all
segment labels to select the best segment as the outliers. For the
evaluation of PCPNet, the estimated normal vector is used with
screened Poisson reconstruction [31] to reconstruct the surface of
the object. From the reconstructed surface, we label outliers as
points not contained by the surface.

Fig. 7 compares the accuracy in outlier detection for each
method. PCNet was found to perform the best with an average
accuracy of 99.28%, this is followed closely by SDDP–RUSU at
97.73%. SDDP and RUSU also performed admirably at 96.78 and
96.10%, respectively. PointNet and PCPNet have an accuracy of

77.43 and 59.09%, respectively, in this test. We can also observe
SDDP–RUSU's accuracy is quite consistent for all outlier
percentage achieving 96.54, 98.15, 98.03, 98.00 and 97.90% for
10, 20, 30, 40 and 50% outlier percentages, respectively.

To better visualise the results of the outlier removal, the input
point cloud, ground truth and output of each algorithm is presented
in Fig. 8. Each point is colour-coded based on its root-mean-
squared distance (RMSD) from the ground truth surface. To better
compare results between objects, the RMSD is then expressed as a
percentage of the diagonal length for the ground truth's bounding
box. We present three different objects each at different outlier
percentage. From the comparison of the resultant point cloud using
the six algorithms, we observed that PCNet and SDDP–RUSU
outperforms the other algorithm. It can also be noted that PCNet
performs better in removing outliers near the object surface while
SDDP–RUSU excels more in removing outliers further from the
object surface. Visually, the point clouds cleaned by SDDP–RUSU
and PCNet are very similar indicating SDDP–RUSU is comparable
to cutting-edge methods.

To quantify the comparison better, Figs. 9 and 10 show the F1
and F2 scores, respectively, for each algorithm. For the F1 score, it
can be observed that PCNet leads in most cases with an average F1
score of 0.984. This is followed RUSU at 0.910 then SDDP–RUSU
at 0.906. From Fig. 9 we can also see that SDDP and SDDP–
RUSU struggles at 10% outlier. For outlier percentage >10%,
SDDP and SDDP–RUSU achieves a respectable F1 score of 0.94
and 0.96

Similarly, in from Fig. 10, SDDP and SDDP–RUSU does not
perform well at 10% outlier. However, as the recall is more
important, we can compare the F2 score as well. SDDP–RUSU and

Fig. 5  Distance plot for point cloud without outlier for identifying if point cloud is sufficiently clean
 

Fig. 6  Estimated outlier percentage for octopus, hand, fish, bird and bearing objects each with outlier percentage of 20, 30, 40 and 50%
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SDDP with the F2 scores of 0.914 and 0.891, respectively,
outperforming RUSU with a score of 0.864. PCNet once more
demonstrates a superior performance with an average F2 score of
0.978. In terms of shape/object independence, the figure
demonstrates that the proposed SDDP and SDDP–RUSU perform
consistently well for all objects with outliers >10% outlier
percentage achieving F2 scores of 0.946 and 0.968, respectively.

The degree of geometry independence of SDDP and SDDP–
RUSU can be seen in the minimum score obtained for the objects
with >10% outlier where SDDP has a minimum F1 score of 0.901
and F2 score of 0.909 while SDDP–RUSU has a minimum F1
score of 0.917 and F2 score of 0.926. This is comparable to
PCNet's minimum F1 and F2 scores of 0.969 and 0.958,
respectively.

These results highlight the key utility of SDDP, which allows it
to synergise with strongly established methods such as RUSU to
achieve good performance comparable to PCNet greater than
SDDP or RUSU individually. The main advantage of SDDP–
RUSU over PCNet is that SDDP–RUSU does not require training.
It is also important to note that although PointNet and PCPNet do
not perform as well as other algorithms in this test as both are not
designed specifically for outlier removal. PointNet is an extremely
capable point cloud classifier and segmentation network while
PCPNet provides a robust estimation of normal vectors.

4.2 Actual/real data

To evaluate SDDP's performance with real data, we use the
scanned point clouds created by Godil et al. [32] (data obtained

Fig. 7  Accuracy comparison between the six approaches for 17 objects at five different outlier percentages
 

Fig. 8  From top to bottom rows, octopus, armadillo and chair objects at 10, 30 and 50% outlier percentages, respectively
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from Wu et al. [33]). More specifically, we will be using the snail
model, couple model and clock model. These three models were
chosen as they represent a simple clean point cloud, a moderately
complex point cloud with some outliers and a dense complex point
cloud with some outliers.

From Fig. 11, looking at the snail model, we can see that SDDP
and SDDP–RUSU is able to perform the best with a small amount
of false positives from the already clean model. For the coupled
model, SDDP, SDDP–RUSU and PCNet all demonstrate similarly
impressive results with a majority of the visible outliers correctly
identified without noticeable false positives, as a comparison,
SDDP and SDDP–RUSU both assigned 96.46% of points with the
same label as PCNet. As for the clock model PCNet is able to

identify the ‘fuzzy’ portions of model as outliers. SDDP and
SDDP–RUSU, on the other hand, deems the model sufficiently
outlier free. This is due to a large number of points in the point
cloud; which based on PCNet's estimation has ∼3% outliers.

All algorithms were tested on a workstation fitted with a 32
Core Intel Xeon E5-2687 W with 2 Nvidia GTX1080 in SLI and
128 GB of 2400 MHz RAM. SDDP, RUSU and SDDP–RUSU
were implemented as CPU-based serial computation in Matlab.
PCNet, Pointnet and PCPNet were implemented as parallelised
GPU computation on Python based on the respective authors' code
made available publicly. As such, the computation times may not
be directly comparable between each other. Table 3 summarises the

Fig. 9  F1 scores of SDDP, RUSU, SDDP–RUSU, PCNet, PointNet and PCPNet for 17 objects at five outlier percentages
 

Fig. 10  F2 scores of SDDP, RUSU, SDDP–RUSU, PCNet, PointNet and PCPNet for 17 objects at five outlier percentages
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computation time for each algorithm when testing the snail model,
couple model and clock model together. 

5 Conclusion
An outlier detection approach named SDDP for automated 3D
point cloud post-processing which does not require human input or
intervention was presented. This was achieved with the
introduction of a unique outlier percentage estimation algorithm
using a novel combinatory-distance function. The utility and
versatility of the outlier percentage estimate is further highlighted
through its applicability to hybridisation by synergistic
combination with Rusu's method resulting in SDDP–RUSU; a
powerful shape-independent outlier detection method inheriting
SDDP's autonomy of parameter tuning.

Based on the test with synthetic data, SDDP and SDDP–RUSU
performs comparably with current cutting-edge deep learning
methods without the need for training data. SDDP–RUSU
successfully accomplished the goal of a high performance
parameter-free outlier detector achieving an average F1 and F2
score of 0.960 and 0.968, respectively for objects with >10%
outlier. SDDP and SDDP–RUSU is also largely geometry

independent with test on all objects at 20, 30, 40 and 50% outliers
returning F1 and F2 scores of at least 0.9.

The next step will be to implement improvements to SDDP
especially with lower outlier percentages as well as further
investigate the utility of SDDP in hybridisation with other
methods.
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