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Addressed research questions/problems
• How to denoise the geometry of a point cloud having no adverse

effects?

• The displaced points in a noisy point cloud are noise?
and should we eliminate them or relocate to their original
positions?

• Can we relocate the noisy points with the same
color to the points in their proximity to their
original positions? ( See Fig. 2)

Research context and motivation

• Point cloud is an important representation of volumetric objects in three-dimensional
space, which allows visualization from any viewpoint.

• The acquisition of a point cloud can be done using active sensors, or computed indirectly
from multi-viewpoint images, the obtained point cloud suffers from the noise.

• The denoising of point cloud should be performed in order to improve the quality.

Results

• Demonstrate the visual comparison of the proposed algorithm with the denoised point
cloud using a graph construction based on geometry only.

• The qualitative comparison has been made on both the real world and synthetic point
clouds.
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Figure 1: Green_monster model: Geometry denoising 
based on geometry only graph. 

Figure 2: Asterix model:  Noisy points with the same color in 
their proximity.

A

K-NN graph

Figure 3: Illustration of a joint geometry and color k-NN 
graph, node A connected with red colored nodes 

analogous to same color in its proximity. 

Novel contributions

• Generate K-NN graph based on color similarity and
geometry proximity in a 3D plane.

Graph Construction

Adopted methodologies

• Geometry denoising is performed by exploiting the graph 𝘎 constructed from both 
geometry and color information of the noisy point cloud.

• Convex minimization problem is considered for denoising the graph signal with the 
limitation that the signal must be smooth on a graph.

• The denoising problem can be written as optimization problem represented by Eq.1 

• Where �̇� is the approximated denoised signal, the noisy signal is represented by 𝑔, 𝛾 is a 
parameter for regularization and ▽𝘎𝑥 represents the gradient of the signal x on the graph 
𝘎.

Geometry Denoising

�̇� = 𝑎𝑟𝑔min
,

𝑥 − 𝑔 .
. +𝛾 ▽𝘎 𝑥 ..

. (1)

3. EXPERIMENTAL RESULTS

3.1. Evaluation Metrics

The metrics used for the performance evaluation of proposed
algorithm are the same as in [17]. Assume that P and Q rep-
resent the geometry of the original and denoised point cloud
respectively, where P = {pi}N1

i=1 Q={qi}N2
i=1, such that pi, qi

2 R3.

1. Mean-square-error (MSE): It is computed as an average
of the squared Euclidean distance between each point
in P and its corresponding nearest point in Q and also
between each point in Q and its corresponding nearest
point in P:

MSE =
1

2N1

X

pi2P
min
qi2Q

kpi�qik22+
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2N2

X

qi2Q
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2. Mean city-block distance (MCD): MCD uses l1 norm
instead of l 2 norm.
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The graph signal processing in our denoising algorithm
has been implemented using GSPBOX [18] and for the con-
vex optimization we have used UNLocBox [19].

3.2. Experimental setup

For the outlier removal we have set ✏ = 0.01, k = 5 and
⌧ = 1. For the noise removal we have found that setting
k = 10 and � = 0.05 consistently provides very good re-
sults. After extensive experimentation we have found that the
weights !1=0.70 and !2=0.30 provide best results for geom-
etry denoising.

3.3. Natural point clouds with real noise

We show a visual comparison between the point cloud de-
noised by the proposed algorithm, and denoised using a graph
constructed from only geometry as in [9]. The experiment is
performed on real-world natural point clouds, for which we
do not have a noiseless reference, hence the results are only
qualitative. Fig. 2-a and Fig. 3-a show the point clouds with
real noise; it can be seen that the points with same color are
typically in a small neighborhood. Fig. 2-b and Fig. 3-b are
the resulting outputs after outlier removal. Fig. 2-c and Fig.
3-c depict the denoised point cloud using the proposed algo-
rithm. Here the noisy points are moved close to their original
position by exploiting the correlation of their color, and hence
they fill the gaps that were present in the original point cloud
and are considered as geometry noise. Fig. 2-d and Fig. 3-d
show the denoised point cloud using the geometry-only graph
approach in [9]; it can be seen in same region that, using no

color information, the noisy points are not moved to their cor-
rect location, leaving gaps and generally providing a noisier
result near object boundaries.
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Fig. 2: Palazzo Carignano Dense model illustration. (a)
noisy input, (b) outlier-free input ,denoised results by (c) pro-
posed algorithm, and (d) geometry-only graph [9]
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(c) (d)

Fig. 3: Arco Valentino model illustration. (a) noisy input, (b)
outlier-free input ,denoised results by (c) proposed algorithm,
and (d) geometry-only graph [9]

3.4. Point clouds with synthetic noise

The proposed denoising approach has also been applied
to noise-free point clouds corrupted by synthetic geometry
noise; uniform distribution is applied to 50% of the points.
Fig. 4-a and Fig. 5-a show the noise-free point clouds. Fig.
4-b and Fig. 5-b show the noisy point clouds. The denoised
point clouds obtained by our proposed algorithm are shown
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do not have a noiseless reference, hence the results are only
qualitative. Fig. 2-a and Fig. 3-a show the point clouds with
real noise; it can be seen that the points with same color are
typically in a small neighborhood. Fig. 2-b and Fig. 3-b are
the resulting outputs after outlier removal. Fig. 2-c and Fig.
3-c depict the denoised point cloud using the proposed algo-
rithm. Here the noisy points are moved close to their original
position by exploiting the correlation of their color, and hence
they fill the gaps that were present in the original point cloud
and are considered as geometry noise. Fig. 2-d and Fig. 3-d
show the denoised point cloud using the geometry-only graph
approach in [9]; it can be seen in same region that, using no

color information, the noisy points are not moved to their cor-
rect location, leaving gaps and generally providing a noisier
result near object boundaries.
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Fig. 2: Palazzo Carignano Dense model illustration. (a)
noisy input, (b) outlier-free input ,denoised results by (c) pro-
posed algorithm, and (d) geometry-only graph [9]
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Fig. 3: Arco Valentino model illustration. (a) noisy input, (b)
outlier-free input ,denoised results by (c) proposed algorithm,
and (d) geometry-only graph [9]

3.4. Point clouds with synthetic noise

The proposed denoising approach has also been applied
to noise-free point clouds corrupted by synthetic geometry
noise; uniform distribution is applied to 50% of the points.
Fig. 4-a and Fig. 5-a show the noise-free point clouds. Fig.
4-b and Fig. 5-b show the noisy point clouds. The denoised
point clouds obtained by our proposed algorithm are shown

Figure 4: Arco_Valentino model: (a) noisy input, (b) outlier-
free input, denoised results by (c) proposed algorithm (d) 

geometry only graph. 

Figure 5: Palazzo_Carignano model: (a) noisy input, (b) 
outlier-free input, denoised results by (c) proposed algorithm 

(d) geometry only graph. 

4-b and Fig. 5-b show the noisy point clouds. The denoised
point clouds obtained by our proposed algorithm are shown
in Fig. 4-c and 5-c; it can be seen that the geometry noise
has been regularized and the noisy points are moved close to
their original positions. The resulting denoised point clouds
using the geometry-only algorithm [9] are shown in Fig. 4-d
and 5-d. It can be seen that the geometry is not quite as
much regularized; moreover, as anticipated in Sec. 1, this
approach has an adverse effect on overall geometry of point
cloud by leaving holes in the output denoised point cloud.
Overall we can perceive from the qualitative results of both
the real-world and synthetic point clouds that the point clouds
denoised by the proposed algorithm have better quality and
fewer artifacts.
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Fig. 4: Green monster model: (a) ground-truth (b) noisy
input, denoised results by (c) proposed algorithm, and (d)
geometry-only graph [9].
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Fig. 5: Asterix model: (a) ground-truth (b) noisy input, de-
noised results by (c) proposed algorithm, and (d) geometry-
only graph [9].

3.5. Evaluation on Greyc color mesh database

Quantitative evaluation has also been performed on the Greyc
noise-free synthetic point clouds dataset [20]. The MSE and
MCD comparisons between the proposed algorithm and the
denoising approach used in [9] using Tikhonov regularization
are shown in Fig. 6-a and Fig. 6-b respectively, using log-
arithmic scale for better viewing. To calculate the MSE and
MCD, 50% of the points in a noise-free point clouds were
affected by noise. The results show that the proposed denois-
ing technique performed significantly better than [9], with an
average gain of 4.92 dB in MSE and 2.05 dB in MCD.

MSE (dB)

MCD (dB)

Fig. 6: (a) MSE Comparison (b) MCD Comparison

4. CONCLUSIONS

We proposed a novel and efficient point cloud denoising tech-
nique based on graph signal processing, where the color at-
tribute and geometry of points are used jointly for denoising
the geometry of a point cloud. For subjective evaluation we
showed that the proposed algorithm performs well on real-
world point clouds. We also performed an extensive quan-
titative analysis using multiple datasets, evaluating the per-
formance of the proposed algorithm using MSE and MCD
metrics. Both the subjective and objective results show that
the proposed technique performs very well for point cloud
denoising, outperforming state-of-the-art techniques.

Figure 6: Green_monster model: (a) noisy input, (b) outlier-
free input, denoised results by (c) proposed algorithm (d) 

geometry only graph. 

4-b and Fig. 5-b show the noisy point clouds. The denoised
point clouds obtained by our proposed algorithm are shown
in Fig. 4-c and 5-c; it can be seen that the geometry noise
has been regularized and the noisy points are moved close to
their original positions. The resulting denoised point clouds
using the geometry-only algorithm [9] are shown in Fig. 4-d
and 5-d. It can be seen that the geometry is not quite as
much regularized; moreover, as anticipated in Sec. 1, this
approach has an adverse effect on overall geometry of point
cloud by leaving holes in the output denoised point cloud.
Overall we can perceive from the qualitative results of both
the real-world and synthetic point clouds that the point clouds
denoised by the proposed algorithm have better quality and
fewer artifacts.
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Fig. 4: Green monster model: (a) ground-truth (b) noisy
input, denoised results by (c) proposed algorithm, and (d)
geometry-only graph [9].
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Fig. 5: Asterix model: (a) ground-truth (b) noisy input, de-
noised results by (c) proposed algorithm, and (d) geometry-
only graph [9].

3.5. Evaluation on Greyc color mesh database

Quantitative evaluation has also been performed on the Greyc
noise-free synthetic point clouds dataset [20]. The MSE and
MCD comparisons between the proposed algorithm and the
denoising approach used in [9] using Tikhonov regularization
are shown in Fig. 6-a and Fig. 6-b respectively, using log-
arithmic scale for better viewing. To calculate the MSE and
MCD, 50% of the points in a noise-free point clouds were
affected by noise. The results show that the proposed denois-
ing technique performed significantly better than [9], with an
average gain of 4.92 dB in MSE and 2.05 dB in MCD.

MSE (dB)

MCD (dB)

Fig. 6: (a) MSE Comparison (b) MCD Comparison

4. CONCLUSIONS

We proposed a novel and efficient point cloud denoising tech-
nique based on graph signal processing, where the color at-
tribute and geometry of points are used jointly for denoising
the geometry of a point cloud. For subjective evaluation we
showed that the proposed algorithm performs well on real-
world point clouds. We also performed an extensive quan-
titative analysis using multiple datasets, evaluating the per-
formance of the proposed algorithm using MSE and MCD
metrics. Both the subjective and objective results show that
the proposed technique performs very well for point cloud
denoising, outperforming state-of-the-art techniques.

Figure 7: Asterix model: (a) noisy input, (b) outlier-free input, 
denoised results by (c) proposed algorithm (d) geometry only 

graph. 

Point clouds with synthetic noise

Natural Point clouds with real noise

Ground-truth point cloud

Noisy point cloud

Denoised point cloud using 
geometry only graph

K-NN graph of a patch in a noisy point cloud 
considering geometry only

State-of-the-art

K-NN graph of a patch in a noisy point cloud 
considering color and geometry

Denoised point cloud using 
proposed algorithm

Proposed

Figure 8: red dotted section represents point cloud denoising
using a joint geometry and color graph and blue dotted section
represents point cloud denoising using geometry only.
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Proposed Algorithm Geometry only graph based denoising

Figure 9: MSE comparison.
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Proposed Algorithm Geometry only graph based denoising

Figure 10: MCD comparison.

• The disadvantage of the approach is that correct
position of a point is estimated based on the 
graph signal representing the geometry only, the 
false surface is computed and as result holes 
are formed (See Fig. 1).

• The state-of-the-art technique denoised the
geometry based on graph using geometry only.

• Defining six-dimensional features for each point as
𝑝𝑖 = 𝑤1𝑋𝑖 𝑤2𝐶𝑖 , with 𝑋𝑖 = [ 𝑥1𝑖, 𝑥2𝑖, 𝑥3𝑖] and
𝐶𝑖 = [𝑐1𝑖, 𝑐2𝑖, 𝑐3𝑖] where 𝑐1𝑖, 𝑐2𝑖 and 𝑐3𝑖 are the
color attributes and 𝑥1𝑖, 𝑥2𝑖 and 𝑥3𝑖 are the
geometry coordinates of point 𝑖.

• To simulate the presence of noise,
50% of the points in the noise-free
point clouds are affected by noise
using uniform distribution.

• The comparative analysis of the
proposed denoising algorithm with
the state-of-the-art technique on
synthetic point cloud is shown in
Fig. 8.

• MSE and MCD comparison can be
seen in Fig. 9 and Fig. 10.


