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ABSTRACT
Subjective quality assessment serves as a method to evaluate the
perceptual quality of 3D point clouds. These evaluations can be
conducted using lab-based or remote or crowdsourcing tests. The
lab-based tests are time-consuming and less cost-effective. As an
alternative, remote or crowd tests can be used, offering a time and
cost-friendly approach. Remote testing enables larger and more
diverse participant pools. However, this raises the question of its
applicability due to variability in participants’ display devices and
environments for the evaluation of the point cloud. In this paper,
the focus is on investigating the applicability of remote testing by
using the Absolute Category Rating (ACR) test method for assessing
the subjective quality of point clouds in different tests. We compare
the results of lab and remote tests by replicating lab-based tests.
In the first test, we assess the subjective quality of a static point
cloud geometry for two different types of geometrical degradations,
namely Gaussian noise, and octree-pruning. In the second test, we
compare the performance of two different compression methods (G-
PCC and V-PCC) to assess the subjective quality of coloured point
cloud videos. Based on the results obtained using correlation and
Standard deviation of Opinion Scores (SOS) analysis, the remote
testing paradigm can be used for evaluating point clouds.
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1 INTRODUCTION
In recent years, due to the advancements in acquisition and display
devices, the adoption of 3D data to represent immersive applications
has increased. The 3D data allow users to have more immersive
experiences compared to 2D videos as it allows a user to explore
content in 6DoF (Degrees of Freedom) and in amore natural way [1–
3]. To represent 3D content, polygon meshes, and point clouds
are the predominant approaches [4–6]. A point cloud consists of
points in 3D space. A typical point cloud is defined by its X, Y,
and Z coordinates with multiple attributes such as colour, and
surface normal [1]. A polygon mesh consists of edges, vertices,
and surfaces. Point clouds are preferred over meshes as they are
easy to capture, store, and transmit and do not need connectivity
information [1, 6, 7].

Most of the experiments published in the literature were con-
ducted in lab-based experiments under controlled conditions (see

†A part of the research presented in this paper was undertaken while Ashutosh
Singla was affiliated with the Audiovisual Technology Group at TU Ilmenau.

 

21

https://creativecommons.org/licenses/by-nc-sa/4.0/
https://creativecommons.org/licenses/by-nc-sa/4.0/
https://creativecommons.org/licenses/by-nc-sa/4.0/
https://doi.org/10.1145/3607546.3616803
https://doi.org/10.1145/3607546.3616803
https://doi.org/10.1145/3607546.3616803
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3607546.3616803&domain=pdf&date_stamp=2023-10-29


IXR ’23, October 29, 2023, Ottawa, ON, Canada Ashutosh Singla et al.

Sec. 2). However, due to its time-consuming, and less cost-effective
nature, conducting lab-based tests is not always feasible. Crowd-
sourcing or remote testing has become a popular approach for
assessing quality online using a relatively large number of partici-
pants. Furthermore, these tests represent a time- and cost-friendly
method and it is one possible solution for conducting quality tests.

Crowdsourcing has been used for the assessment of the visual
quality of colored point cloud as an alternative solution, using the
Double Stimulus Impairment Scale (DSIS) test method [8, 9]. In [8],
Nehmé et al. compared the results obtained in a crowd-based study
with a lab-based study for the case of colored point clouds. Their
results demonstrated that the crowdsourcing paradigm is equally
accurate when compared to lab-based tests. However, no crowd-
sourcing study using the ACR test method for quality evaluation
of point clouds has been conducted. Furthermore, there is a lack
of studies comparing the performance of state-of-the-art encoders
(Geometry-based Point Cloud Compression (G-PCC), and Video-
based Point Cloud Compression (V-PCC)) between lab-based and
crowd-based tests. Hence, it is necessary that the crowdsourcing
or remote testing approach should be validated using the ACR test
method for the case of assessing the point cloud geometry and
for comparing the performance of different (G-PCC and V-PCC)
encoders.

Hence, in this paper, we address the following research questions:
(1) Can the remote testing approach be used effectively to assess

the visual quality of point cloud geometry?
(2) How does the performance of the G-PCC and V-PCC en-

coders from remote testing compare to the results obtained
using the lab tests?

To address these research objectives, we conducted two remote
tests (Test 1 and Test 2) using the ACR test method. In Test 1, we
investigate the research question if remote testing can be used to
evaluate the visual quality of point cloud geometry. In Test 2, the
performance of G-PCC and V-PCC encoders is assessed using a
remote testing approach. Furthermore, we compare our results with
the results obtained in the lab as reported from other studies, to
analyze the applicability of the remote testing paradigm for the
case of colorless point clouds (Test 1).

This paper is organized as follows. Section 2 describes the related
work in the area of assessing the visual quality of point clouds. The
remote testing framework is described in Sec. 3. The results of
colorless and colored point clouds are analyzed and compared with
the lab-based results in Sec. 4 and Sec. 5, respectively. Concluding
remarks are given in Sec. 6.

2 RELATEDWORK
There are several works on the visual quality assessment of point
clouds reported in the literature, as also listed in Table 1 [1–3, 6–18].
These studies can be classified into two categories, among other
criteria. The first type of studies evaluates geometrical degrada-
tions [1, 2, 8, 10–12], while the second type focuses on assessing
the impact of compression algorithms [3, 6, 7, 13–17]. A more com-
prehensive overview of subjective studies for point cloud contents
can be found in [19].

In [1], Alexiou et al. compared the point cloud geometry using
the ACR (typically using a 5-point scale, with the average over

subjects referred to as mean opinion score, MOS) and DSIS test
methods. They compared two types of geometrical degradations
namely, Gaussian noise and Octree-pruning. Their experimental
results showed that the DSIS test method provides better results for
both of the degradations. Furthermore, Alexiou et al. [18] compared
the performance of different objective metrics available in the state-
of-the-art for different types of geometrical degradations. Their
experimental results showed that objective metrics perform well
in the case of Gaussian noise, but not for the compression-like
distortions.

Besides, comparing different test methods, the viewing environ-
ment plays a crucial role in the assessment of the visual quality of
point clouds. In [10], Alexiou et al. used an AR-HMD (Augmented
Reality Head Mounted Display) to assess the visual quality of point
clouds for two geometrical degradations. Their analysis showed
that objective metrics correlate well with the subjective scores in
the case of Gaussian noise, in agreement with the results obtained
in [18]. For the compression artifacts, the performance of objective
metrics depends on the content. The authors concluded that there is
a need for better objective metrics. The impact of different display
environments (Desktop vs. AR-HMD) was investigated in [2] us-
ing the DSIS test method. Experimental results showed that in the
case of Gaussian noise, the scores obtained from different setups
were found to be statistically equivalent. For Octree-pruning, scores
obtained from both environments were statistically distinguishable.

The impact of several denoising algorithms on point clouds was
compared by Javaheri et al. [11] in their subjective test. Their results
showed that a graph-based denoising algorithm can improve the
quality of point cloud data. Further, they found that p2plane metrics
have a better correlation with MOS.

Many other factors such as coding artifacts, rendering solutions,
different viewing conditions, and packet loss were investigated
in [3, 6, 7, 13–16]. The influence of different rendering and coding
solutions on the perceived visual quality of point clouds was studied
by [3] using the DSIS test method. Their main conclusion was that
different types of coding artifacts were not equally perceivable for
all three rendering approaches. Zerman et al. [7] compared the two
different representations of 3D data (Meshes and point cloud) for
different state-of-the-art encoders using the ACR test method. They
found that textured mesh provides the best visualization quality,
especially at higher bitrates, and the point cloud performed better
at lower bitrates. Cao et al. [6] explored the effect of observation
distance and bitrate on the perceived quality for point cloud and
mesh-based compression. Their experimental results were also in-
line with the ones in [7] especially at lower bitrates, where it was
found that point cloud is better at low bitrates, whereas a mesh
representation is preferred when observation distance is close and
bitrate is high.

The different viewing conditions on the perceived quality of
dynamic point clouds were investigated in [13, 16]. Subramanyam
et al. [13] compared the quality in 3 DoF and 6 DoF of dynamic
point clouds in virtual reality HMDs using the ACR-HR test method.
Their results showed that the V-PCC codec has better performance
than the MPEG anchor, especially at lower bitrates. Further, they
showed that there is a need for a new source point cloud dataset, as
the sequences they used in the test had a significant impact on the
MOS. Viola et al. [16] extended the work and compared the quality
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Table 1: List of Studies on the Subjective Evaluation of Point Clouds.

S.No Authors Static or Geometry or Test Test Degradations Display Device
Dynamic Compression Method Paradigm

1 Alexiou et al. [1] Static Geometry DSIS & Lab Octree-prunning & Apple Cinema Display
ACR Gaussian noise (2D screen)

2 Alexiou et al. [2] Static Geometry DSIS Lab Octree-prunning & 2D monitor &
Gaussian noise AR-HMD

3 Alexiou et al. [10] Static Geometry DSIS Lab Octree-prunning & Occipital Bridge
Gaussian noise AR headset

4 Javaheri et al. [11] Dynamic Geometry DSIS Lab Gaussian Noise 2D screen
5 Nehmé et al. [8] Dynamic Geometry DSIS Remote Geometry and Color distortions 2D screen
6 Seufert et al. [12] Static Geometry ACR Remote Point reduction techniques 2D screen

7 Javaheri et al. [3] Static Compression DSIS Lab 3 rendering & ASUS VH238 monitor
codec solutions

8 Cao et al. [6] Dynamic Compression ACR & Lab Observation distance & LED Monitor
Pair Comparison bitrates

9 Zerman et al. [7] Dynamic Compression ACR Lab Coding artifacts LCD Display
10 Subramanyam et al. [13] Dynamic Compression ACR-HR Lab Coding artifacts Oculus Guardian System &

Oculus Rift
11 Hooft et al. [14] Dynamic Compression ACR Lab Bandwidth & 2D screen

Coding artifacts
12 Dumic et al. [15] Dynamic Compression DSIS Lab Packet-loss, Compression & 2D Screen

Corrupted bitstream types
13 Viola et al. [16] Dynamic Compression ACR-HR Lab Coding artifacts 2D screen and Oculus Rift
14 Perry et al. [9] Dynamic Compression DSIS Remote Coding artifacts 2D screen
15 Weil et al. [17] Dynamic Compression ACR Remote Coding artifacts, Framerate, 2D screen

& Viewing Distance

of dynamic point clouds on a 2D screen and in VR with 3DoF and
6DoF using the ACR-HR test method. Their results showed that
viewing paradigms have a significant impact on the MOS, but not
between 3DoF and 6DoF.

Different network-related parameters such as packet loss ratio
and bandwidth were investigated in [14, 15]. Dumic et al. [15] in-
vestigated the impact of packet loss ratio with different levels of
compression using the DSIS test method in different labs. Their re-
sults showed that the subjects provided the lowest MOS at a higher
packet loss ratio irrespective of the compression level. Moreover,
a strong correlation between the results of the two laboratories
was shown. Van der Hooft et al. [14] investigated the impact of
network bandwidth, viewport prediction, and bitrate allocation on
the subjective quality of volumetric video streaming using the ACR
test method. Their results indicated that higher bandwidth results
in a higher MOS, which is expected. Their bitrate allocation scheme
also has an impact on the perceived quality. Further, they pointed
out that in order to match human perception precisely, advanced
metrics and QoE models are needed.

There are only a few studies in the literature that used a crowd-
sourcing approach for the assessment of quality in the case of point
clouds [8, 9, 12, 17, 20]. Nehmé et al. [8] conducted a crowdsourcing
test using a DSIS test method and compared the results with the
lab-based test. Their results showed that the crowdsourcing para-
digm is as accurate as a lab-based test. However, the lab-based test
was conducted using a HTC Vive Pro HMD. The crowdsourcing
results should be compared with the lab-based test conducted on a
2D screen to nullify the effects of an HMD [8]. Perry et al. [9] com-
pared the online subjective testing using two different approaches.
In the first approach, participants were instructed to download the
whole data and execute the experiment by running some MATLAB

scripts. In the second approach, participants accessed the server
using a web browser and performed the experiment. The authors
addressed the first approach as the Direct Download Option and the
second approach as Web Browser Option which is remote testing.
Their experimental results showed a preference for the direct down-
load option over the web browser option. However, there is a high
correlation between direct downloads and web browser options.
Their results lack in comparison with the lab-based tests.

Seufert et al. [12] investigated the impact of two different point
reduction techniques on the QoE from crowdsourcing users and ex-
perts using the ACR test method. Their results showed that experts
found a bigger difference between the reduced and original point
clouds. However, they did not study whether the crowdsourcing
test is comparable to a lab test by using naive (non-expert) subjects.
Herfort et al. [20] used crowdsourcing in different experiments in
the classification of point clouds and found that the accuracy of the
results was affected by the characteristics of the point cloud data.

Weil et al. [17] conducted a crowdsourcing study using the ACR
test method to study the impact of viewing distances, framerates,
and two compression methods (Draco and V-PCC). Their main
observation was at a higher viewing distance, the degradations
were less noticeable. Furthermore, they developed QoE models for
predicting the perceived quality, and based on the performance,
their model accurately predicted the MOS. The limitation of their
study is the absence of a comparison between crowdsourcing and
lab-based results.

From the studies reviewed above [1, 2, 6–14, 18], it can be noted
that the impact of different test methods, rendering solutions, degra-
dation types, display devices and compression algorithms were
studied using lab-based tests. However, the general applicability of
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the crowdsourcing or remote testing paradigm on the visual qual-
ity of colorless point clouds has not been extensively investigated.
Hence, in this paper, the remote testing paradigm will be applied
to the assessment of the visual quality of point cloud geometry
and the obtained results will be compared with lab-based studies.
Furthermore, the performance of different (G-PCC and V-PCC) en-
coders will be analyzed using remote testing and comparing results
with the lab-based test.

3 REMOTE TESTING FRAMEWORK
To conduct the remote tests, a client-server architecture website was
developed and integrated using the publicly available tool AVRat-
eVoyager [21] for collecting the ratings. The recommended hosting
environment includes Apache web server version 2.4, MySQL ver-
sion 5.7, and PHP version 7.4.13.

For Test 1, a web-based point cloud renderer was developed by
using the Three.js 3D library1 that allows visualizing the point
clouds. The 3D geometry is centered and rotated around the local
Y-axis, while the camera focuses on the center of the geometry.

For Test 2, the colored point cloud videos were played using the
HTML5 < 𝑣𝑖𝑑𝑒𝑜 > element. For both tests, the background colour
of the scene was set to black as recommended by [22]. A passive
approach, i.e., with subjects unable to interact with the point clouds
in both tests 1 and 2, was selected to minimize the between-subject
variation. We preloaded the videos into the browser cache to avoid
the effects of stalling as done in [9].

A web browser (e.g., Firefox or Chrome) was needed to start the
test at a user’s end. The website integrated point cloud visualization,
and a rating function. The website is a cross-platform and cross-
operating system and can be easily used for remote testing without
requiring any special installations. The ratings were stored online
in a SQLite 3 database and can be exported in a CSV file.

4 TEST 1
The goal of this test was to evaluate the subjective quality assess-
ment of point cloud geometry using remote testing and compare
these findings with lab-based results [1].

This section provides the details of the selected dataset, and the
test method used. Subsequently, we present the results obtained
from the remote testing and compare them with the lab-based
results.

4.1 Selection and Preparation of Sequences
For Test 1, five different static point clouds (1: Bunny, 2: Cube,
3: Dragon, 4: Sphere, and 5: Vase) without colour attributes were
selected from [1]. To allow the subjects to view a point cloud from
multiple views, we rotated the camera path along the vertical (Y)
axis that enables the viewer to visualize the whole point cloud2 for
10 s. By having a passive mode of inspection, it was ensured that
each point cloud is viewed in the exact same way by all subjects.
This may result in minimizing variations that may arise due to
interactivity [19].

In this test, our objective was to assess the quality for geomet-
rical errors. Therefore, two types of geometric distortions were

1https://github.com/mrdoob/three.js/
2The size of point cloud was adapted based on the screen size.

introduced. Gaussian noise is used to model position errors. The
coordinates of each point are affected by an error with a target
standard deviation from the set 𝜎 ∈ (0.0005, 0.002, 0.008, 0.016).
The other type of degradation is based on Octree and is used to
represent point clouds in an efficient way and in addition yielding
high error [1, 2], which is desirable when testing for the adequacy
of crowd-based or remote testing. The compression ratio of a point
cloud was adjusted by changing the LoD (Level of Details) value.
LoD values are selected for each content in order to obtain the
target percentage (𝑝) to the original points with an acceptable devi-
ation of ± 2% (𝑝 = 30%, 50%, 70% and 90%) [1]. We used the exact
Processed Video Sequences (PVSes) used in [1].

4.2 Test Method
The ACR [23] test method is used to rate the colorless point cloud on
a five-point scale (1: Bad, 2: Poor, 3: Fair, 4: Good, 5: Excellent). The
duration of each PVS is 10 s. Each subject had to rate 40 point clouds
(5 Contents and 8 degradations). A total of 90 participants took part
in the test. The participants were recruited from the university via
email reflectors. Out of the 90, only 71 participants completed the
test3. The duration of the test was ≈ 15 minutes.

To yield stable results, test participants were recommended to
use a desktop, laptop, or computer with a minimum resolution of
1280×720. Only a mouse or trackpad is needed to rate the videos.
Prior to the experiment, instructions were provided to the par-
ticipants explaining the aim of the experiment and their tasks. To
familiarize with the test procedure, five training samples were used.

4.3 Results and Discussions
For outlier detection, the procedure according to ITU guidelines
specified in ITU-R BT.500-13 was performed [24]. No subject was
found to be an outlier in this test.

1
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Bunny Cube Dragon Sphere Vase
Source Sequences
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5e−04

0.002

0.008
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Figure 1: MOS for Gaussian Noise for different SRCs.
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Figure 2: MOS for Octree-Pruning for different SRCs.
3The subjects were not paid for this test.

 

24

https://github.com/mrdoob/three.js/


SubjectiveQuality Evaluation of Point Clouds using Remote Testing IXR ’23, October 29, 2023, Ottawa, ON, Canada

2

3

4

1 2 3 4 5
MOS_Lab

M
O

S_
R

em
ot

e

Figure 3: Correlation plot betweenMOS ratings from Remote
vs Lab for test 1.

Figures 1 and 2 show the Mean Opinion Scores (MOS) with
associated 95% confidence intervals (CIs) for different source point
clouds for different levels of Gaussian Noise and Octree-pruning
settings. As expected, as the level of impairment increases, the
MOS decreases, which can be observed irrespective of the Source
Sequences (SRCs) and degradation type. This trend can be seen for
the lab-based experiment as well [1]. One of our main objectives
was to investigate if the relative quality-impact of position errors
and density of the point clouds as a result of the Octree-pruning are
similar when assessed in remote testing as they arewhen assessed in
the lab. Therefore, the noisy and octree-based compressed contents
were assessed in a single test session. The experimental results
showed that noisy content is perceived as more annoying to the
participants than the density of the point clouds. We observed that
the users are able to perceive differences in position errors more
easily than in Octree-pruning. Those results were also achieved in
the lab-based test in [1] for the ACR test method. We compared
our results with the one obtained by Alexiou et al. in [1] for the
ACR test method and observed that their results indicated a similar
trend for Gaussian noise at higher standard deviation, where users
rated the sequences more critically than in Octree-pruning at lower
point cloud density. Fig. 3 shows the scatter plot of the MOS ratings
from remote and lab tests. The Pearson correlation coefficient (PCC)
between these two tests is high (𝑟 = 0.840).

In Figs. 4 and 5, the standard deviation is plotted over the respec-
tive MOS rating as described in [25]. The SOS parameter for the lab
and remote test is 𝑎𝐿𝑎𝑏 = 0.25 and 𝑎𝑅𝑒𝑚𝑜𝑡𝑒 = 0.266, respectively.
The 𝑎 value is in the same order of magnitude, indicating that these
two test results have similar accuracy. The 𝑎{𝐿𝑎𝑏,𝑅𝑒𝑚𝑜𝑡𝑒 } values
are similar to video streaming and cloud gaming tests which are
reported in [25].

5 TEST 2
Following the colorless point cloud study (Test 1), a second use case
focuses on the comparison of different encoders (G-PCC and V-PCC)

1 2 3 4 5
MOS

0.0

0.2

0.4

0.6

0.8

1.0

St
d_

De
v

Test 1: lab; a= 0.25

Figure 4: Standard deviation vs. MOS plot, where the line
represents a quadratic fitted curve derived from the SOS hy-
pothesis [25] for test 1 (Lab).
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ev
Test…1:…Remote;…a=…0.266

Figure 5: Standard deviation vs. MOS plot, where the line
represents a quadratic fitted curve derived from the SOS hy-
pothesis [25] for test 1 (Remote).

for the case of colored point cloud videos in a remote testing setup.
This section describes the details of the selected sequences and
the test method used. Additionally, we present the results obtained
from our own test and compare them with the lab-based results [7].

5.1 Selection and Preparation of Sequences
In Test 2, we selected four dynamic clouds (1: AxeGuy, 2: Lub-
naFriends, 3: Matis, and 4: Rafa2) from [7]. The duration of each
sequence is 10 s with 30 frames per second. The original lab-based
test conducted by Zerman et al. [7] consisted of a total of 164 PVSs.
These included both colored and textured meshes. In this test, our
aim is to compare the performance of the two state-of-the-art en-
coders in the context of remote testing. Hence, we used the exact
PVSes provided by [7] for G-PCC Region-Adaptive Hierarchical
Transform (RAHT) and V-PCC Random Access (RA).
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5.2 Test Method
The ACR [23] test method is used to rate the point cloud sequences
on a five-point scale (1: Bad, 2: Poor, 3: Fair, 4: Good, 5: Excellent).
Each PVS is shown to the subjects for 10 s. In this test, each subject
had to rate 40 PVS (4 Contents, 2 codecs and 5 bitrates). A total
of 82 participants took part in the test. These participants were
recruited from the university via email reflectors. Out of 82, only
62 participants completed the test4. The duration of the test was
under 15 minutes.

Similar to Test 1, test participants were asked to use a desktop,
laptop, or computer with a minimum resolution of 1280×720. To
rate the videos, a mouse or a trackpad is needed. Before, starting
the experiment, participants were explained the aim of the experi-
ment and their task. Five training samples were used to make them
familiarize with the test procedure.

5.3 Results and Discussions
To check the reliability of subjects, outlier detection was performed
based on [24]. In this test, no outlier was found.

Matis Rafa2

AxeGuy LubnaFriend

0 10 20 30 40 50 0 10 20 30 40 50

0 10 20 30 40 50 0 10 20 30 40 50

1
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4
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4

Bitrate in MBit/s

M
O

S

Encoder
G−PCC

V−PCC

Figure 6: MOS vs bitrates for G-PCC and V-PCC encoders for
different SRCs.

In Test 2, we compare the performance of the state-of-the-art
encoders: G-PCC (RAHT) and V-PCC (RA) using colored point cloud
sequences used in [7]. Figure 6 shows the MOS with associated
95% CIs for different source point clouds for G-PCC (RAHT) and
V-PCC (RA). It can be clearly seen from the results that V-PCC
(RA) is better than G-PCC (RAHT), irrespective of the sources.
This observation is also confirmed by the lab-based tests in [7].
The results obtained in Test 2 and in [7] are understandable, as
G-PCC does not consider any temporal redundancy and is targeted
to compress static point clouds, whereas V-PCC was developed to
compress dynamic point clouds. Furthermore, we compute the PCC
between the MOS obtained in the remote test and lab-based test, see

4The subjects were not paid for this test.
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Figure 7: Correlation plot betweenMOS ratings from Remote
vs Lab for test 2.

Fig. 7. Our MOS is highly correlated (0.982) with the lab-based MOS.
This high correlation is similar to the reported cross-lab correlation
of 2D video tests [26]. From Fig. 7, it can be observed that the range
of ratings in the lab test is restricted as compared to the crowd or
online test where the participant seems to use the total range of
ratings. The smaller range of ratings in the lab test can be attributed
to the fact that in the lab test, the subjects were shown both textured
meshes and colored point clouds together and hence the subjects
may have been more critical while rating the point clouds. Whereas
in the remote test, the subjects rated only colored point clouds.
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Test…2:…Remote;…a=…0.233

Figure 8: Standard deviation vs. MOS plot, where the line
represents a quadratic fitted curve derived from the SOS hy-
pothesis [25] for test 2 (Remote).

In Fig. 8, the standard deviation is plotted over the respective
MOS rating as described in [25]. The SOS parameter for the remote
test is 𝑎𝑅𝑒𝑚𝑜𝑡𝑒 = 0.233. The 𝑎 value is in the same order of mag-
nitude as obtained in Test 1 (lab and remote), indicating similar
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validity and reliability. The SOS plot could not be plotted for the
lab-based test, as the ACR (0-100) point scale is used. The magni-
tude of 𝑎 value would be different and would not be appropriate to
compare it with 𝑎𝑅𝑒𝑚𝑜𝑡𝑒 .

5.4 Reliability Test
As an additional reliability test to find out if crowd-based tests are
equally reliable as compared to the lab-based for Tests 1 and 2, the
statistical reliability was evaluated based on [27]. For both these
tests, MCInorm was calculated as shown in Eq. 1.

MCInorm =
MCI

MOS Range
(1)

Here, MCI is the Mean Confidence Interval. MOS Range is the
absolute difference between the highest and lowest MOS for each
test. Table 2 shows the MOS, MOS Range and MCInorm for Test 1
and 2. Results indicate that all these tests are equally reliable.

Table 2: MCI, MOS Range and MCInorm for Lab and Remote
tests.

Test 1 Test 2
Lab Remote Lab Remote

MCI 0.329 0.222 4.21 0.199
MOS Range 3.65 3.056 60.11 3.096

MCInorm 0.090 0.072 0.070 0.064

6 CONCLUSIONS
In this paper, we conducted two different subjective tests using
remote testing and the ACR test method. In Test 1, we compared the
different levels of Gaussian Noise and compression-like distortions
using Octree-pruning. We found a similarity between our results
and the findings obtained through lab-based test in [1], where
users also find noisy sequences at a higher standard deviation more
annoying than in Octree-pruning at lower point cloud density. In
Test 2, we compared the subjective quality G-PCC (RAHT) and V-
PCC (RA) encoders on coloured point cloud volumetric videos. The
findings obtained in the lab by Zerman et al. [7] could be replicated
also in the remote test, showing that V-PCC (RA) outperforms the G-
PCC (RAHT). Hence, it seems to be feasible with some assumptions
to conduct remote tests for the subjective quality assessment of
point clouds. To confirm this initial finding, further analysis is
required, e.g. considering different coding parameters.

In future work, we propose to conduct subjective tests where
participants will have the possibility to interact with point clouds
using a mouse, and their interaction will be recorded for analysis.
Furthermore, we intend to conduct further remote subjective tests
to compare the results with lab-based tests performed using an
HMD.
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