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Abstract

In this paper, we present an unsupervised, completely blind, no-reference (NR) stereoscopic (S3D) image quality prediction
model to assess the perceptual quality of natural S3D images. We study the joint dependencies between color and depth features
of S3D images and empirically model these dependencies by using a bivariate generalized Gaussian distribution (BGGD).
We compute the parameters of BGGD, and we also obtain the determinant and the coherence values from the covariance
matrix of the proposed BGGD model. We extract the features of BGGD model and covariance matrix from the reference
S3D image, followed by multivariate Gaussian (MVG) distribution modeling on the predicted features of the reference. We
estimate the joint color and depth quality of the S3D images by computing the likelihood of the image features with respect
to the reference MVG model. We apply the popular 2D unsupervised NIQE model on individual stereo views to estimate the
overall spatial quality of the S3D images. Finally, we pool the likelihood scores and the spatial NIQE scores to achieve the
estimation for the overall perceived quality of the S3D images. The performance of the proposed model is evaluated on the
MICT, LIVE Phase I and II S3D image datasets. The results indicate consistent and robust performance for all datasets. Our
proposed estimator is completely blind, as it requires neither training on subjective scores nor reference S3D images.
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1 Introduction
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tion, stereoscopic 3D (S3D) is an abundant source of many
potential future use cases. A high portion of these use cases
ambitiously target our everyday lives in our home environ-
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ments. Unlike, for instance, LF, S3D technology is already
entering households, somewhat slowly yet steadily. Still,
according to the recent survey of Statista [1], the number
of S3D displays globally purchased on the consumer market
has reached 116,000 in 2019, which is roughly 40 times as
many as measured in 2009.

S3D perception involves two individual 2D views and
the corresponding depth. The source S3D content undergoes
several processing stages, which may significantly affect the
overall quality of experience (QoE) of the viewer. The impor-
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tance of QoE must not be underestimated, as the satisfaction
of the viewer always determines the true value of a system or
service at the end of the day. However, the subjective evalua-
tion of visual quality is a considerably expensive and lengthy
process. Even though it is unquestionably the de facto method
of assessing perceived quality in research, its utilization is far
from being cost-efficient for regular usage, and it may also be
subject to cognitive bias and other forms of rating distortion.

Objective quality assessment (QA) aims to overcome
these unfavorable, disadvantageous properties of subjective
evaluation by providing ratings without the need for human
observers. Technically, objective QA estimators rate the qual-
ity of the given content automatically, but such methods differ
in what they rely on when trying to complete this task. There-
fore, this can be a base of classification among objective
QA estimators. The scientific literature defines full reference
(FR), reduced reference (RR) and no-reference (NR) objec-
tive metrics. In case of FR, the reference content—the quality
of which is the best—is fully available to the estimator, and
thus, a direct comparison with the investigated content is
possible. RR metrics do not have complete access to the ref-
erence, and NR metrics basically have nothing to compare
to, nothing to rely on.

Evidently, the most straightforward thing to do is to create
FR metrics since their performance may easily outmatch RR
and NR metrics due to their immense advantage. However,
in many situations, the reference may not be fully available,
and in fact, in even more cases, it may not be available at all.
Consequently, NR metrics may fulfill their functionality of
quality estimation under any given set of circumstances.

Color is an important visual cue for reconstructing both
low-level and high-level visual features. The photoreceptors
in the retinal ganglion cells capture rich information about the
chromatic data in the visual cortex of the human visual sys-
tem (HVS). Many authors conducted psychovisual studies
[2,3] to measure the relative contribution of luminance and
chromatic cues. They concluded that chromatic information
could be used more efficiently than luminance information in
solving the stereo correspondence issues. Later, Su et al. [4]
modeled the conditional dependencies between luminance,
color, and range data and found that the aforementioned cues
exhibit a high correlation and also a high likelihood of joint
dependencies between them. Appina et al. [5] proposed a
supervised NR S3D IQA model based on the joint statistical
dependencies between luminance and depth cues by using the
bivariate generalized Gaussian distribution (BGGD) model.
They weighted the model parameters of BGGD by using
subband strengths of luminance and disparity cues. Finally,
support vector regression (SVR) is employed to estimate the
perceptual quality of S3D natural images. Motivated by the
aforementioned studies, in this paper, we propose an unsu-
pervised and completely blind (i.e., unaware of distortion and
opinion) NR image quality assessment (IQA) model to eval-
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uate the quality of S3D images. We parametrically model the
joint statistical dependencies between color and depth cues
by using a BGGD model and the spatial variations of the
luminance cue by using the NIQE [6] model. The key tech-
nical contributions of the proposed model are the following:

1. We model the joint statistics of color and depth com-
ponents by using a BGGD distribution and estimate the
BGGD model features («, 8), coherence score (V) and
determinant measure (A) from the sample covariance
matrix of the BGGD.

2. We compute the aforementioned features from the pris-
tine stereoscopic image set and perform the multivariate
Gaussian (MVG) distribution modeling on the estimated
pristine features.

3. We estimate the joint color and depth quality of the S3D
images by computing the likelihood of the image features
with respect to the pristine MVG model.

4. We pool the joint color and depth quality scores with the
spatial NIQE scores to estimate the perceptual quality of
S3D images.

Technically, the previous work [5] used BGGD to model
the joint statistics between luminance and depth features of
S3D scenes and it did not consider any chromatic feature
to estimate the subjective quality. Moreover, it did not uti-
lize NIQE to achieve the results. In this work, we involve
chromatic features—along with the depth and luminance
features—to obtain the estimated scores. We model the joint
dependencies between color and depth statistics with the
BGGD model, and luminance quality is computed by per-
forming the NIQE model on each view of an S3D image.
Our method was tested on datasets commonly used within the
scientific community for such purposes, and these promising
results are presented and analyzed.

The remainder of the paper is structured as follows. An
in-depth review of the related scientific literature is provided
in Sect. 2. The detailed mechanisms of our proposed quality
estimator are introduced in Sect. 3. The obtained results are
presented and discussed in Sect. 4. The paper is concluded
in Sect. 5.

2 Related work

S3D IQA models are more complex compared to tradi-
tional 2D IQA [6-12] methods due to the presence of
depth scene and the quality of individual stereo views.
Early works [13-16] introduced numerous FR S3D IQA
algorithms based on computing the 2D IQA model perfor-
mances. However, they conclude that 2D IQA models are
not accurate in estimating the S3D image quality. Khan et
al. and Bensalma et al. [5,17-21] proposed several stereo-
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scopic IQA models by computing the features of sparsity,
statistical, structural and binocular energy. Jiang et al. [22]
published an FR S3D IQA method based on measuring
the degradations in hierarchical features of 3D images by
using the convolutional neural network (CNN) architec-
ture.

In recent years, multiple studies [23-26] proposed NR
S3D IQA models based on blurriness and blockiness esti-
mates, saliency, and disparity structural properties. Shao et
al. [27] designed an S3D IQA method by estimating the mod-
els of the phase-tuned visual codebook and lookup table of
S3D images. The publications of Jiang et al. [28] and Chen
et al. [29] presented NR IQA models based on saliency and
scene statistical analysis on cyclopean image features. Zhou
et al. [30] estimated binocular patterns and weights to create
an NR S3D IQA algorithm.

Su et al. [31] performed univariate and bivariate analy-
sis of scene statistics on marginal and adjacent subbands of
the luminance component of a cyclopean image to estimate
S3D image quality. Shi et al. [32] and Zhang et al. [33] pro-
posed NR S3D IQA models based on CNN architectures.
They computed features from individual stereo images and
the corresponding difference image to predict the quality. Liu
et al. [34] quantified the monocular and binocular properties
of stereo scenes to achieve the goal of S3D image quality
estimation.

Yildiz et al. [35] proposed a 3D FR IQA model to evaluate
the quality of 3D static meshes. The model extracts the first
four moments of the normalized histogram as descriptive
features between the pristine and the test stimuli—degraded
via the addition of noise and by smoothing the mesh with
different strengths at four locations. Finally, a simple distance
function is used between the pristine and the test features to
evaluate the quality of the 3D static mesh.

In our earlier works, coordinated by the combined sci-
entific efforts of Khan et al. [18] and Appina et al. [5], we
modeled the marginal and joint luminance and depth subband
coefficients with GGD and estimated the model features from
GGD fits. Furthermore, we performed distance measurement
and used the support vector regression (SVR) approach on
computed features to estimate the quality of S3D images.

None of the aforementioned IQA algorithms and mod-
els studied or analyzed specifically the joint dependen-
cies between color and depth components to estimate
the S3D image quality. Also, these algorithms are not
completely blind because they apply learning models on
the estimated features and the corresponding subjective
scores of the reference and the distorted S3D images. We
propose a completely blind unsupervised NR S3D IQA
model based on estimating the strength of joint depen-
dencies between color and depth features of a stereo-
scopic image combined with NIQE quality measure. Again,
Color and Depth statistics are used in our Image Quality

Estimator for stereoscopic 3D content, hence the name
CoDIQE3D.

3 Proposed quality estimator

Various psychovisual experiments [36-39] were performed
on the macaque visual cortex to analyze the selectivity and
processing of color and depth components. They concluded
that cortical neurons in the V2 and V3 areas are tuned for both
color and depth components. Inspired by these experiments,
Chen et al. and Su et al. [4,40—43] studied marginal and joint
statistics of color and depth features of an S3D scene. They
modeled the variation in Gabor responses of color and depth
features and found that both the components are interdepen-
dent. We are motivated by the aforementioned psychovisual
studies and experiments to model the joint dependencies
between color and depth features of S3D images.

Though our algorithm is fundamentally inspired by our
previous work [5], we strongly emphasize that none of the
natural scene statistical analysis methods has modeled the
joint dependencies between color and depth features of S3D
images. Furthermore, we also highlight this model’s utility
by proposing a completely blind unsupervised NR IQA algo-
rithm. We model the joint statistical dependencies between
color and depth subband coefficients by using a BGGD, and
feature parameters are computed from BGGD and the corre-
sponding covariance matrix (M). We show that the computed
BGGD parameters and the coherence and determinant val-
ues of M clearly discriminate the distortions and utilize these
features in estimating the quality of S3D images.

Consider a random vector x € R and the corresponding
multivariate GGD (MGGD) [44] is given by

1
PIM, a, B) = — o p(x’ M 'x), (1)
M|z

pr(3)

(2/sl Ha) ‘T

2up(y) = et (3 @)

where « and § are fitting parameters, and M is a covariance
matrix with N x N dimension. In Eq. 2, if 8 = %, then the
distribution is Laplacian, whereas for § = 1, the distribution
is Gaussian. We performed maximum likelihood estimation
to compute the model parameters («, 8, M) of BGGD. We
have color and depth as two features (N = 2), and hence, the
above distribution turns into a BGGD. We utilize the BGGD
model parameters (¢, ), and determinant (A) and coherence
(W) values of M to estimate the quality. The coherence and
determinant scores are defined as

A = det(M), (3)
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where Apin and Apax are the minimum and maximum eigen-
values of M. The eigenvalues measure the directionality of
joint dependencies between color and depth features, and
we are motivated by the work of Saad et al. [45] to com-
pute the coherence score in the form (4). det represents the
determinant of M, and A is a dissimilarity measure between
color and depth components. In our work, we perform mul-
tiple scale steerable pyramid decomposition [46] on color
and depth maps. The bandpass filter response in a steerable
subband decomposition mimics the properties of the human
visual system (HVS). The prior work of Appina et al. [5]
inspired us to perform three scale levels of steerable pyramid
decomposition.

Figure 1a, b shows the left view of reference and the
corresponding white Gaussian-impaired (WG-impaired) ver-
sion of the Car S3D image [15], respectively. Figure Ic, d
presents the joint contours between the color and depth sub-
band coefficients of the reference and the distorted versions,
respectively. The circular asymmetry nature in joint contour
plots clearly demonstrates the strong reliances between color
and depth features of S3D images, and we observe that such
reliances vary with the type and level of the distortion. The
noticeable variations observed in the joint contours indicate
the change in BGGD parameters and M. The change in M
reflects the variation in the A and W values. The joint con-
tours in Fig. 1 are computed at the first scale of the steerable
pyramid decomposition.

Figure 2a—d shows the variation of the «, 8, ¥ and A
scores at multiple subband decomposition of the reference
and the corresponding WG noise distorted versions of the
Car S3D image. These plots clearly demonstrate the effi-
cacy of each estimated feature to discriminate the perceptual
quality. We are motivated by these observations to use the
aforementioned features of our proposed quality estimator.
We perform negative logarithm computation on all features
for better visualization in plots.

3.1 Algorithm overview

CoDIQE3D has four stages. In the first stage, we compute
the color and depth features of an S3D image. The second
stage involves BGGD modeling, followed by the 2D com-
putation (CoDIQE2D). The third stage performs the spatial
NIQE score estimation of the S3D image. In the fourth and
final stage, we estimate the CoDIQE3D score by pooling the
2D and the spatial NIQE scores.

@ Springer
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(b) Distorted left image,
NIQE = 14.337.

(a) Reference left image,
NIQE = 3.490.
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Fig. 1 Illustration of joint contours between color and depth map of
the reference and the distorted images. «, 8, ¥ and A scores of the
corresponding images are also visualized

3.2 Stage 1: feature extraction
3.2.1 Color feature set

In our metric, we perform the hue—saturation—value (HSV)
color transformation on individual 2D RGB images. H and S
measure the visual chrominance sensation and colorfulness
of the image, respectively. Based on the study of Palm et al.
[47], we compute the complex color representation from the
H and S features.

Cor(m,n) = Sp.(m, n) x expi*Hemn) 5)

Cog(m,n) = Sg(m, n) x expd*HrRm.0) 6)

where S and H represent saturation and hue maps, j is an
imaginary index, m and n are spatial coordinates, L and R
are the individual left and right views of the S3D image, and
Co represents the overall color map of the image.

Additionally, we consolidate individual color maps into
a single color map of the S3D image. The entropy scores
of Coy, and Cop are estimated to pool the individual color
maps.

C— ent(Coy) x Coy, 4+ ent(Cog) x Cog
N ent(Coyr) + ent(Cog)

. (N

where C represents the overall color map of the S3D image,
and ent is the entropy score of the color map. We consider
this convex pooling strategy to mimic the properties of eye
dominance in the HVS.
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Fig. 2 TIllustration of «, B, W and A feature variation of the reference Car S3D image [15], and the corresponding versions distorted by white
Gaussian noise. The corresponding difference mean opinion score (DMOS) is shown in the legend

The entropy ent denoted in the previous equation is cal-
culated in the following way:

ent =~ " pa x og; pa. @®)
a

where a represents the number of bins and p denotes the
normalized histogram counts of the image.

3.2.2 Depth feature set

We use a structural-similarity-based depth estimation algo-
rithm [15] in our approach. The algorithm finds the best
matching block between two stereo images by comparing
the structural similarity between left and right views to esti-
mate the corresponding depth map. The algorithm is robust
and accurate with less time complexity. We perform multiple
scale steerable pyramid subband decomposition on estimated
color and depth maps.

3.3 Stage 2: CoDIQE2D computation

We perform BGGD fit on each subband coefficients of color
and depth map of the S3D image and estimate the parame-
ters of BGGD, determinant and coherence scores from the
corresponding M of BGGD.

3.3.1 Reference MVG models

The IVY Lab dataset [48] has 120 reference S3D images,
and we use these images to compute the reference MVG
model parameters. We perform multiple scale steerable sub-
band decomposition on the reference images and compute
the BGGD parameters (o, ), A and W values at each sub-
band of the reference S3D image set. Mittal et al. [6] inspired
us to model the individual features of the reference image set
by using a multivariate Gaussian distribution and to estimate
the mean vectors and covariance matrix of each feature «, 8,
W and A, respectively.

3.3.2 Distorted feature set

We compute «, B, ¥ and A scores at multiple steerable sub-
bands of the test image. We perform likelihood estimates of
the computed test S3D image parameters (1 x 3 vector) for
each feature coming from the reference MVG distribution.

Ty = L(oj; ), @), 9)
T = LB Brs By (10)
Ty = L(V]; V), ¥5), (1)
Ta = L(A[; A}, AY), 12)

where L is the likelihood function, r and 7 represent the
reference and the test images, i is the subband level, T is
the likelihood estimate, and n and ¥ are the mean and the
covariance matrix of the reference MVG distribution of each
reference feature «, 8, ¥ and A.

The likelihood function used in the previous equations is
the following:
(13)

L(z; 1, )=—F— xexp(— e T @),

2x(m) 21312

where z is the distorted image feature set and k is the length
of z. u and Y are the mean and the covariance matrices of
the reference MVG distribution.

We observe that T, and T scores decrease and Ty and T
scores increase with distortion. These scores jointly affect the
overall perceptual color and depth quality of the S3D image.
Therefore, CoDIQE2D is defined as

Ty x Tg
Tq; X TA>7
where CoDIQE2D is the overall color and depth quality of
the S3D image. We apply exp on the product score to mimic
the numerical range of spatial quality scores.

Table 1 shows the efficacies of the individual Ty, Tg, Ty,

T and the proposed CoDIQE2D pooling on the LIVE Phase
IT S3D image dataset. The results clearly demonstrate the

CoDIQE2D = exp < (14)
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Table 1 The proposed CoDIQE2D and the corresponding individual
feature performances on the LIVE Phase II dataset

T, Ty Ty Ta CoDIQE2D
LCC 02923 02526  0.1951  0.1454  0.4571
SROCC 02410 02370  0.1827  0.1101  0.4095

significance of each feature in estimating the overall color
and depth quality of the S3D image.

3.4 Stage 3: Spatial feature

We compute the popular unsupervised NR 2D IQA model
NIQE [6] on individual stereo views. The overall spatial qual-
ity of an S3D image is calculated by computing the mean of
the individual NIQE scores.

_ NIQE, + NIQEy

S 9
pa 5

(15)
where NIQE, , NIQE, represent the individual spatial NIQE
scores, while Spa denotes the overall spatial quality score of
the S3D image.

The NIQE calculation included in the previous equation
is performed in the following manner:

NIQE; = nige(L), NIQEy = niqe(R), (16)

where nige represents the natural image quality evaluator
algorithm.

3.5 Stage 4: CoDIQE3D computation

The overall color and depth quality (CoDIQE2D) scores
decrease, and spatial quality (Spa) scores increase with test
stimuli strength. Both scores jointly affect the final perceptual
quality estimate of the S3D image. Therefore, we compute
the product between 1/CoDIQE2D and Spa scores to derive
the CoDIQE3D score of the S3D image:

1
CoDIQE3D = Spa x ——— 17
obIQ P X CoDIQE2D (17

4 Results and discussion

The performance of the proposed CoDIQE3D model is eval-
uated on the MICT [23] and LIVE Phase I and II datasets
[15,49]. The MICT dataset consists of 13 pristine reference
and 624 JPEG-distorted images. The LIVE Phase I and II
datasets are composed of images distorted with blur, fast
fading (FF), JP2K, JPEG and WG. The LIVE Phase I dataset
consists of 20 reference and 365 distorted versions. The LIVE

@ Springer

Phase II dataset has 8 reference and 360 distorted versions.
From these 360 distorted versions, 240 are symmetrically
and 120 are asymmetrically distorted. As a base of com-
parison for the human perception of quality, DMOS scores
are used. To report the performance of the proposed model,
LCC, SROCC and RMSE statistics are measured between
the CoDIQE3D predictions and the actual DMOS scores.
The performance numbers above are reported after perform-
ing a nonlinear logistic fit [S1].

Table 2 shows the results of the evaluation of the proposed
CoDIQE3D model on the LIVE Phase I and II datasets. It
is clear that CoDIQE3D demonstrates consistent and robust
performance over different test stimuli types. Figure 4 shows
scatter plots of Spa and CoDIQE3D on the LIVE Phase II
dataset. Furthermore, these scatter plots provide an additional
evidence about the efficiency of the model.

Tables 3 and 4 show the performance comparison of the
CoDIQE3D model with off-the-shelf 2D and 3D IQA mod-
els on LIVE Phase I, MICT and LIVE Phase II S3D IQA
datasets. SSIM [7], MS-SSIM [8], NIQE [6] and IL-NIQE
[10] 2D IQA models are applied on individual views, and
the mean of both view scores is computed to represent the
S3D image quality. Chen [15], Bensalma [20], Benoit [16],
Strige [18], Wang [50], Shao [27], Chen [29], StereoQue [5],
S3DBlinque [31], BSIQE [34] and RM-CNN3 [32] are FR
and supervised NR S3D IQA models. The proposed model
shows robust performance across all distortions and consis-
tent performance across all S3D IQA datasets. It also shows
competitive performance against 2D and 3D FR IQA models
and 3D supervised NR IQA models. The CoDIQE3D model
delivers state-of-the-art performance when compared with
unsupervised IQA models. To the best of our knowledge,
CoDIQE3D is the only model to estimate the quality of S3D
natural images in an unsupervised theme.

Furthermore, we investigate the efficacy of CoDIQE3D by
replacing the spatial NIQE model with another popular 2D
unsupervised NR IQA model, the IL-NIQE. Table 5 shows
the performance of the model on the LIVE Phase I and II, and
MICT datasets, by using 2D unsupervised NR IQA models.
It is apparent that CoDIQE3D shows improved performance
over 2D unsupervised NR IQA models across the datasets.
This analysis provides additional supporting evidence of the
proposed CoDIQE2D feature for adequate color and depth
quality representation.

Blur and fast fading distortions highly affect the color
and depth perception of a stereoscopic scene [15,40], and
it reflects more variation in joint dependencies compared to
other distortions. The proposed CoDIQE3D algorithm effi-
ciently captures these statistical variations between color and
depth features of an S3D scene and demonstrates better per-
formance on blur and fast fading distortions compared to
other types of visual distortions.
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Additionally, while the 2D unsupervised IQA models
NIQE and IL-NIQE perform rather well on symmetrically
distorted images, they do fail to reproduce the same per-
formance on asymmetrically distorted images (as shown in
Table 3). In contrast, CoODIQE3D—pooling the quality scores
of joint color and depth, and spatial quality—shows con-
sistent and improved performance on both distortion types
(i.e., symmetric and asymmetric). We attribute this robust
execution of the quality prediction task to the choice of the
distortion discriminable features.

In addition to the evaluation, we analyzed the performance
of the proposed CoDIQE3D model on the synthetic SELMA
dataset [52], which was developed for semantic segmenta-
tion. The dataset contains more than 30,000 images. These
images are acquired by using 24 sensors in different times
of the day, and multiple weather conditions are simulated by
using the well-known CARLA [53] software. The images are
provided in four formats: RGB, depth, semantic and LiDAR.

To demonstrate the efficacy of the CoDIQE3D model on
these synthetic images, we modeled the joint dependencies
between the RGB and depth planes of the SELMA dataset
by using a BGGD model. Figure 3 represents the distribution
of the «, B, A and W scores of the “Town06’ image of the
SELMA dataset at six different day times in a rainy setting,
by using a 2D tSNE plot [54]. This plot is computed between
the first two components of the tSNE matrix. The achieved
output clearly indicates that the parameters of the CoDIQE3D
model are clustered quite well with respect to different day
times in the selected rainy day scenario.

However, going beyond these results and performing a
comprehensive evaluation in the same fashion as on the other
datasets is not feasible, as the authors did not conduct any
subjective analysis, and therefore, the actual performance
of the CoDIQE3D model on the SELMA dataset cannot be
assessed.

Table 2 The proposed

CoDIQE3D performance Distortion Phase I dataset Phase II dataset
evaluation on the LIVE Phase I LCC SROCC RMSE LCC SROCC RMSE
[49] and II [15] S3D image
datasets JP2K 0.532 0.483 14.261 0.700 0.672 7.001
BLUR 0.932 0.881 5.220 0.935 0.874 5.033
FF 0.740 0.705 11.083 0.871 0.865 5.251
JPEG 0.474 0.448 15.755 0.697 0.637 6.020
WN 0.605 0.582 13.235 0.852 0.847 5.253
Overall 0.778 0.769 10.586 0.790 0.766 7.189
Table 3 Performance comparison of CoODIQE3D with popular 2D&3D IQA models on the LIVE Phase II dataset [15]
Model type Algorithm Symm Asymm Overall
LCC SROCC LCC SROCC LCC SROCC
2D FR IQA SSIM [7] 0.733 0.700 0.750 0.719 0.873 0.877
MS-SSIM [8] 0.924 0.912 0.709 0.687 0.780 0.784
2D NR IQA unsupervised NIQE [6] 0.771 0.737 0.701 0.671 0.732 0.710
IL-NIQE [10] 0.739 0.697 0.630 0.603 0.727 0.700
3D FR IQA Chen [15] 0.938 0.923 0.875 0.842 0.900 0.889
Bensalma [20] 0.923 0.805 0.743 0.697 0.770 0.751
Benoit [16] 0.734 0.696 0.770 0.747 0.762 0.744
Strige [18] 0.909 0.910 0.889 0.868 0.901 0.892
Wang [50] 0.937 0.923 0.898 0.902 0.915 0.918
3D NR IQA supervised Shao [27] 0911 0.896 0.565 0.524 - -
Chen [29] - 0.918 - 0.834 0.895 0.880
StereoQue [5] - 0.857 - 0.872 0.845 0.888
S3DBlinque [31] - 0.937 - 0.849 0.913 0.905
BSIQE [34] - 0.937 - 0.903 0.934 0.929
RM-CNN3 [32] 0.970 0.928 0.953 0.943 0.961 0.948
CoDIQE2D 0.521 0.404 0.377 0.318 0.457 0.409
CoDIQE3D 0.829 0.792 0.756 0.718 0.790 0.766
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Table 4 Performance

comparison of CoDIQE3D with Model type Algorithm LIVE Phase I MICT
popular 2D&3D IQA models on LCC SROCC LCC SROCC
the LIVE Phase I [49] and
MICT datasets [23] 2D FR IQA SSIM [7] 0.872 0.876 0.862 0.846
MS-SSIM [8] 0.926 0.926 0.935 0.935
2D NR IQA Unsupervised NIQE [6] 0.752 0.735 0.778 0.761
IL-NIQE [10] 0.740 0.705 0.725 0.695
3D FR IQA Chen [15] 0.916 0.916 0.864 0.862
Bensalma [20] 0.887 0.875 0.954 0.940
Benoit [16] 0.902 0.728 0.901 0.902
Strige [18] 0.927 0.922 0.772 0.768
Wang [50] 0.924 0.916 - -
3D NR IQA supervised Shao [27] 0.904 0.875 - -
Chen [29] 0.895 0.891 0.913 0.904
StereoQue [5] 0.917 0.888 0.935 0.936
S3DBlinque [31] 0.895 0.886 0.933 0.917
BSIQE [34] 0.959 0.949 - -
RM-CNN3 [32] 0.960 0.936 - -
CoDIQE2D 0.495 0.453 0.419 0.386
CoDIQE3D 0.778 0.769 0.786 0.776

Table 5 Performance evaluation of CoDIQE3D on different datasets
with popular 2D unsupervised NR IQA algorithms

Dataset NIQE IL-NIQE
LCC SROCC LCC SROCC
LIVE Phase I 0.778 0.769 0.746 0.717
LIVE Phase II 0.790 0.766 0.771 0.740
MICT 0.786 0.776 0.731 0.700
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Fig.3 Illustration of the tSNE plot between the parameters of the pro-
posed CoDIQE3D model on six different day times of the rainy weather
conditions of the “Town06’ image of the SELMA dataset
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According to the best knowledge of the authors, CoDIQE3D
is the first and only estimator to perform statistical analysis
on the dependencies between color and depth subband coef-
ficients of natural S3D images. Again, the algorithm follows
a completely blind approach and does not require training
on stereoscopic image features and the corresponding anno-
tations. Such quality estimators are rather relevant to the
multitude of contexts in which S3D quality plays a signifi-
cant role. These evidently include the broadcasting of S3D
contents, which may be affected by unfavorable transmission
parameters, leading to suboptimal levels of perceived qual-
ity. With objective metrics, such as the one presented in this
paper, the QoE of the users of S3D systems and services may
be cost-efficiently modeled.

5 Conclusion

In this paper, we proposed a completely blind unsupervised
NR IQA model based on estimating the joint dependency
strength between color and depth features of S3D images.
We computed the parameters (¢, 8) of BGGD and deter-
minant (A) and coherence (W) values from the covariance
matrix and demonstrated the efficacy of these features in
distortion discrimination. Furthermore, an unsupervised NR
IQA NIQE model was utilized to compute the overall spa-
tial quality of the images. Our results clearly indicate that
the proposed CoDIQE3D model, which had no prior train-
ing or testing on distorted features with associated quality
scores, demonstrates robust performance and competitive-
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ness against popular FR and supervised NR 2D and 3D IQA
models.

In the future, we plan to extend the proposed method
to S3D video quality assessment. Although such extension
could be performed in a straightforward manner by sim-
ply applying CoDIQE3D to each individual frame, involving
interframe redundancies could further improve the accuracy
of prediction. Another potential future continuation of this
work would be the adaptation of the applied concepts of
CoDIQE3D to emerging 3D visualization technologies, such
as light field. By doing so, an evaluator designed for stereo-
scopic 3D utilization would benefit the quality assessment of
autostereoscopic 3D technologies.
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