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This supplementary material is organized as follows. In section 1,
we provide visual examples of distorted stimuli from our dataset of
textured meshes, along with their distortion parameters. Section 2
describes our large-scale subjective experiment in crowdsourcing as
well as the pilot study we relied on. Section 3 provides the parame-
ters of the image quality metrics that we compared to our proposed
metric. Section 4 shows the results of our mesh characterization
measure applied on several viewpoints. Section 5 provides additional
results of Graphics-LPIPS when using different pooling strategies
and results on each individual fold. Finally, Section 6 shows the
distribution of the predicted quality scores of all the stimuli of our
dataset, and provides additional analysis on the impact of distortion
interactions and content characteristics on the perceived quality of
textured meshes, along with the complete ANOVA table.

1 DATASET GENERATION

We produced a large-scale textured meshes quality assessment
dataset composed of over 343k distorted meshes derived from 55
source models each associated with 6250 distorted versions gener-
ated from combinations of 5 real-world compression-based distor-
tions applied with different strengths.

1.1 Source preparation

Our source models were collected from sketchFab, an open source
online repository for publishing and sharing 3D content. For some
models, we had to modify the object files to restore the correct
material library files and texture images. For models that were non-
manifold and contained zero-area triangles, we fixed this manually
using meshLab (https://www.meshlab.net), thus ensuring that all
models in the dataset have the same properties.

A few models had multiple texture images. We manually baked
these images into a single texture (JPEG image of size 2048x2048)
using Blender. We made sure that we got the same visual rendering.
This operation facilitates the application of the texture distortions
(texture compression and sub-sampling) in the following (distortions
applied on 1 image instead of several). Thus all the models in the
dataset are represented similarly: by an OB] file, a material file and
a texture image (JPEG image of size 2048x2048).

1.2 Distorsions

The distortions represent (1) the level of detail simplification applied
with 10 strengths obtained by uniformly reducing the number of
mesh faces ( simpr € [ 1, 10], where 10 is the most degraded
level), (2) the model position quantization (€ [7,11]), (3) the
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texture coordinates quantization (€ [6, 10]), (4) the texture sub-
sampling ( s € {512 x512, 712 x 712, 1024 x 1024, 1440 x 1440, 2048 x
2048}), and (5) the texture compression ( o € {10, 25,50, 75, 90}).
Figures 1 to 10 show visual examples of the generated distorted
stimuli along with their distortion parameters.
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Source model Distorsion 1 Distorsion 2 Distorsion 3 Distorsion 4

L6 |11 |6 | 512x512 | 50 L6 |10 | 8| 1024x1024 |25  L1]9 |6 | 1024x1024 | 25 L9 |76 |712x712 | 10
MOS = 3.89, predicted = 4.38  MOS = 3.38, predicted = 4.26 MOS = 2.41, predicted = 2.44  MOS = 1.16, predicted = 0.73

L8 | 11 | 10 | 512512 | 90 L6 |9 |7 |2048x2048 | 90  L10 |10 | 8 | 1024x1024 |25 L5 |7 |9 | 2048x2048 | 75
MOS = 4.39, predicted = 4.46  MOS = 3.27, predicted = 3.55 MOS = 2.21, predicted = 3.11  MOS = 1.07, predicted = 0.36

L4 |11 |8 |712x712 | 90 L1]8|8|512x512 | 75 L7]9|7]1024x1024 | 10 L1|79]1024x1024 | 25
MOS = 3.89, predicted = 3.55 MOS = 3.07, predicted = 1.15 MOS = 2.70, predicted = 1.79  MOS = 1.39, predicted = -0.24

L10 | 9 | 6 | 20482048 | 75 L10 | 8 | 6 | 712x712 | 10 L6 | 8|7 | 1440x1440 | 50 L4 |7 |6 |2048%x2048 | 75
MOS = 3.93, predicted = 3.42 MOS = 3.22, predicted = 3.03 MOS = 2.23, predicted = 2.22 MOS = 1.10, predicted = -0.44

L1|11]9|712x712 |75  L1|10|8|2048x2048 |10 L1 |9 |9 | 1440x1440 | 10 L7196 | 1440x1440 | 10
MOS = 3.98, predicted = 4.44 MOS = 2.83, predicted = 3.13 MOS = 1.85, predicted = 2.21  MOS = 1.48, predicted = 2.09

L8 |11 |8 | 1024x1024 | 10 L1 |11 |7 |712x712 | 75 L7 |11 |7 |2048x2048 | 25 L3 |11 |6 | 2048x2048 | 25
MOS = 3.49, predicted = 3.54 MOS = 3.09, predicted = 2.98 MOS = 2.57, predicted = 2.75  MOS = 2.07, predicted = 1.55

Fig. 1. Examples of stimuli: left-most column is the reference object, the remaining images are randomly sampled distorsions, from the least annoying one
(according to MOS) up to the most annoying one. Acronyms refer to LoDsimpL | qp | qt | Ts | To



Source model

Distorsion 1

L10 | 8 | 7 | 1440x1440 | 90
MOS = 3.61, predicted = 3.15

L10 |9 | 7 | 1440x1440 | 75
MOS = 4.37, predicted = 3.59

L3 |11 10 | 1024x1024 | 75
MOS = 4.33, predicted = 3.91

L2117 |712x712 | 75
MOS = 4.47, predicted = 4.11

L1]10 | 10 | 1024x1024 | 75
MOS = 4.49, predicted = 3.81

L3 |11 |7 |512x512 | 90
MOS = 3.42, predicted = 4.41

Distorsion 2

L10 | 11 | 6 | 512512 | 90
MOS = 3.05, predicted = 2.69

L6 | 910 | 512x512 | 25
MOS = 3.95, predicted = 4.10

L4 |10 | 9| 712x712 | 75
MOS = 3.38, predicted = 2.75

L6 | 11 | 7 | 2048%2048 | 50
MOS = 4.05, predicted = 4.13

L9 |11 |7 | 1024x1024 | 75
MOS = 3.48, predicted = 3.48

L2 |10 | 6 | 512x512 | 10
MOS = 2.26, predicted = 3.54

Distorsion 3

L5 |89 |712x712 | 10
MOS = 2.31, predicted = 2.77

L10 |86 | 512x512 | 75
MOS = 3.84, predicted = 2.92

L10 | 9 | 10 | 20482048 | 75
MOS = 2.55, predicted = 1.88

L9 |10 | 7 | 14401440 | 50
MOS = 3.67, predicted = 3.73

L10 ]9 |9 | 2048x2048 | 25
MOS = 2.79, predicted = 2.82

L9 |10 | 6 | 712x712 | 50
MOS = 1.98, predicted = 3.54
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Distorsion 4

L3 |9 | 6 | 2048x2048 | 75
MOS = 1.34, predicted = 1.33

L10 | 8 | 6 | 2048x2048 | 50
MOS = 3.52, predicted = 2.97

L10 | 8 | 6 | 712x712 | 25
MOS = 1.77, predicted = 0.70

L9 |9 | 6| 2048%x2048 | 75
MOS = 3.00, predicted = 3.39

L3 | 8|7 | 1440x1440 | 75
MOS = 1.50, predicted = -0.11

L10 |9 | 8 | 1024x1024 | 50
MOS = 1.27, predicted = 2.45

Fig. 2. Examples of stimuli: left-most column is the reference object, the remaining images are randomly sampled distorsions, from the least annoying one
(according to MOS) up to the most annoying one. Acronyms refer to LoDsimpL | qp | qt | Ts | To
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Source model Distorsion 1 Distorsion 2 Distorsion 3

Distorsion 4

L3 | 11|10 | 512x512 | 25
MOS = 3.93, predicted = 3.90

L6 | 9 | 10 | 2048x2048 | 50
MOS = 4.07, predicted = 4.20

L1|9 |8 |2048x2048 | 10
MOS = 3.85, predicted = 2.99

L7 | 11|10 |512%x512 | 75
MOS = 3.56, predicted = 3.89

L1 |11 |10 | 512512 | 50
MOS = 4.42, predicted = 4.42

L3 |10 | 10 | 1024x1024 | 50
MOS = 4.17, predicted = 4.40

L3 |98 |512x512 | 25
MOS = 2.90, predicted = 3.15

L6 |9 |10 | 712x712 | 75
MOS = 3.78, predicted = 4.17

L2 |98 |512x512 | 25
MOS = 3.59, predicted = 3.30

L1]9 |7 ] 1440x1440 | 10
MOS = 3.02, predicted = 3.66

L10 | 10 | 10 | 2048x2048 | 50
MOS = 3.81, predicted = 4.35

L1 |10 |7 | 2048x2048 | 90
MOS = 3.36, predicted = 3.65

L8 | 8 | 8 | 2048x2048 | 50
MOS = 2.49, predicted = 3.44

L4 |10 | 7 | 1440x1440 | 10
MOS = 3.05, predicted = 3.48

L10 |7 | 6 | 1024x1024 | 10
MOS = 2.36, predicted = 2.08

L9 | 8|7 | 2048%2048 | 90
MOS = 2.07, predicted = 2.98

L10 |9 | 7 | 2048x2048 | 90
MOS = 3.46, predicted = 4.04

L1]9 |6 |712x712 | 90
MOS = 2.26, predicted = 2.45

L10 |7 | 7 | 2048x2048 | 75
MOS = 2.23, predicted = 2.18

L8 | 8|8 | 1440x1440 | 90
MOS = 2.62, predicted = 3.51

L1|7 |6 |2048%2048 | 25
MOS = 1.10, predicted = -0.57

L9]10 |6 |512%x512 | 10
MOS = 1.47, predicted = 2.39

L10 | 11 | 6 | 1024x1024 | 25
MOS = 3.27, predicted = 3.23

L3 |76 |1024x1024 | 10
MOS = 1.02, predicted = 0.63

Fig. 3. Examples of stimuli: left-most column is the reference object, the remaining images are randomly sampled distorsions, from the least annoying one
(according to MOS) up to the most annoying one. Acronyms refer to LoDsimpL | qp | qt | Ts | To
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Source model Distorsion 1

L7 |10 | 10 | 2048%2048 | 75

Distorsion 2

L3910 |512x512 | 10
MOS = 3.64, predicted = 4.15 MOS = 2.92, predicted = 3.07 MOS = 2.67, predicted = 3.38 MOS = 1.57, predicted = 2.12

Distorsion 3 Distorsion 4

L9 | 8|10 | 1440x1440 |50  L10 |11 |8 |512x512 | 90

Fig. 10. Examples of stimuli: left-most column is the reference object, the remaining images are randomly sampled distorsions, from the least annoying one
(according to MOS) up to the most annoying one. Acronyms refer to LoDsimpr | qp | qt | Ts | To

2 SUBJECTIVE EXPERIMENT

We developed our own web platform to conduct the large-scale sub-
jective experiment in crowdsourcing, based on the DSIS method. The
crowdsourcing service was used only to recruit participants using
Prolific!, an internet marketplace that provides tens of thousands
of trusted participants. We illustrate in the following the successive
stages/steps of our experiment. To run the experiment, only a web
browser with an MPEG-4 decoder is required (no other software
needs to be installed). The platform first checks the compatibility
of the participant’s device, as shown in Figure 11: the browser and
OS used, the screen resolution (minimum required resolution of
1920 x 1080), and the page zoom level.

Fig. 11. Step 1: Verification of the compatibility of the participant’s device.

Next, we ask for the participant’s consent to collect and use their
data (see Figure 12).

The test instructions, shown in Figure 13, are then displayed
to the participant with a progress bar, at the bottom of this page,
showing the status of the loading process of all the video pairs
that will be used in the test. This way, the videos of the source
and distorted models are played simultaneously during the test,
without any latency or unintended interruptions. When the loading
is completed a start button appears leading to the training.

For the training, we selected 5 stimuli not included in the exper-
iment and all referring to the same source model. Each stimulus
represents one level of the five-level scale of the DSIS method. After

!https://www.prolific.co/

Fig. 12. Step 2: Participant’s consent.

Fig. 13. Step 3: Experiment instructions.

displaying each pair of training videos for 8 sec, the rating inter-
face is displayed for 5 sec and the proposed score assigned to this
distortion is highlighted, as illustrated in Figure 14.

Once the training is completed the actual test began, see Figure 15.
The pairs of videos (reference and distorted stimuli) are displayed
side by side, in a random order to each participant. Participants
cannot replay the videos or provide their score until the videos have
been played completely. There is no time limit for voting and videos
of the stimuli are not shown during that time.
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Fig. 14. Step 4: Training.

Fig. 15. Step 5: The experiment.

At the end of the experiment, participants will receive unique
codes allowing them to get their remuneration, as shown in Figure
16.

Fig. 16. Step 6: End of the experiment.

2.1 Pilot subjective experiment

Before conducting our large-scale subjective quality assessment
experiment in crowdsourcing, we wanted to validate the experi-
mental setup we implemented and study the number of participants
needed in crowdsourcing to achieve the same accuracy (confidence
intervals) as in a laboratory experiment. Thus, we conducted a pilot
experiment with 30 stimuli selected from our dataset, using the
rendering and experimental environment described in Section 4 of
the paper. The stimuli were rated by 60 participants (i.e. 60 ratings
collected per stimulus).

We computed the 95% Confidence Intervals (CIs) of the Mean
Opinion Scores (MOSs) of the stimuli and assessed their evolution
according to the number of ratings collected per stimulus (which
is related to the number of participants involved in the test). Thus
for each stimulus, we considered all possible combinations (without
repetition) of  ratings and averaged the width of the CIs over

all these ratings combinations. We compared the results to those
obtained previously in a laboratory experiment conducted in Virtual
Reality (VR) where 30 stimuli were evaluated by 30 participants.
Results are shown in Figure 17.

Fig. 17. Variation of Confidence Intervals (Cls) width according to the
number of participants in the crowdsourcing and laboratory experiments.

The results show that almost 40 participants are required in the
crowdourcing test to obtain the same accuracy (CIs) as the laboratory
test. Keeping a margin for outliers, we considered having 45 scores
per stimulus (i.e. each stimulus rated by at least 45 participants) in
our large-scale crowdsourced experiment.

3 SETTINGS FOR IMAGE QUALITY METRICS

We compared our proposed metric Graphics-LPIPS to 3 state-of-
the-art full-reference Image Quality Metrics (IQMs): SSIM, HDR-
VDP2, iCID. For SSIM, we considered a local window of size 11 X 11
pixels. For the resolution used for HDR-VDP2, we considered 33.5
pixels per degree, which corresponds to the following experimental
setting: stimuli presented on a calibrated 24” LCD display (resolution
1920 X 1200 pixel) at a constant viewing distance of 0.5m. The
peak sensitivity parameter of HDR-VDP2 was set to 2.4 and the
selected output from this metric was the quality prediction Q. For
the iCID metric, we considered the default parameters: equal weight
of lightness, chroma, and hue. We computed the IQMs on 650 x 550
resolution snapshots taken from the main viewpoint of the stimuli.
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