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Abstract

The purpose of stereoscopic image quality assessment (SIQA) is to design an objective
evaluation algorithm to automatically evaluate the quality of stereoscopic image. In this
paper, we propose a blind SIQA method via 3D saliency selected binocular perception
and 3D convolutional neural network (CNN). Given a pair of stereoscopic images, we
first generate 3D saliency map by weighted average of 2D saliency map and depth
saliency map. Then, when the value of 3D saliency map patches is higher than the setting
threshold, these patches from left and right images are selected to feed to 3D-CNN to
predict the perceived quality. Finally, the score of the distorted stereoscopic image is
computed by the weighted average of the quality scores of these saliency image patches.
Experimental results on LIVE 3D Phase I and Phase II databases show that our proposed
method is robust and competitive with the state-of-the-art NR SIQA methods.

Keywords Blind stereoscopic image quality assessment - Convolutional neural network - 3D
saliency map - Summation and difference image - Cyclopean image

1 Introduction

In recent decades, with the rapid development of multimedia and network technology, the
amount of digital image is explosive growth, which plays an increasingly important role in
people’s daily life. However, the current technology has many limitations, which lead to
various distortions in the process of the collection, transmission, processing and display of
images. Image quality assessment (IQA) is developed to evaluate and monitor image quality,
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which shows great potential in controlling and improving the performance of image processing
systems, such as compression [41], enhancement [15] and segmentation [16]. Recently,
stereoscopic/3D multimedia applications have become increasingly popular, and greatly
increasing the immersive experience, so stereoscopic image quality assessment (SIQA) has
become one of the research hotspots.

Generally, quality assessment metrics can be divided into subjective method and objective
method. Subjective method is effective and reliable, but it is more time-consuming, laborious
and cannot be completed in real time. In contrast, objective method is more in line with the
needs of reality, so it has been widely investigated. Broadly speaking, according to the
participation of reference information, objective methods can be further divided into full
reference (FR), reduced reference (RR) and no reference (NR). Now, there are many 2D
IQA methods [35, 37, 47] that have achieved quite competitive results. In contrast, stereo-
scopic image quality assessment is more challenging, which needs to consider a variety of
factors, such as binocular fusion, binocular competition and so on. The distortion of stereo-
scopic image pairs can be divided into symmetric distortion and asymmetric distortion. The
asymmetric distortion may have different degrees or even different types, which also has a
great impact on the quality of stereoscopic image. In addition, different from 2D IQA, SIQA
has extended depth perception and binocular vision mechanism between left and right visual
fields, which leads to the difficulty of current research.

Stereo visualization involves more and more application fields, such as distance education,
medical treatment, robot navigation, and so on. Therefore, it is reasonable to believe that the
number of 3D content will continue to grow in the next few years. SIQA is a key technology in
stereo image and video processing, which can help image retrieval system to filter low-quality
images by monitoring the quality of stereo image, so as to produce better subjective experi-
ence. In addition, SIQA will also promote research in other fields, such as stereoscopic video
quality evaluation [7, 13, 40], stereo matching [9].

Yang et al. [42] uses 3D-CNN model to capture spatial-temporal features, and evaluates the
quality of stereoscopic video. Inspired, we try to solve difficulty of SIQA with 3D-CNN,
which has been applied in many research topics. For example, Zhang et al. [51] proposed a
3D-CNN structure for mental workload assessment, learning the EEG features from spatial—
spectral-temporal dimensions. Considering the continuity of video in time, Yang et al. [44]
uses the correlation between HIS spatial-spectral domain to design a multiscale wavelet 3D-
CNN method for hyperspectral image super-resolution. As the work of these different direc-
tions proves, 3D-CNN can find the connection of different features, and it is a very effective
solution to the problem. In this work, we extend 2D-CNN to 3D-CNN for SIQA, and omit the
design of binocular fusion through CNN. In addition, we consider the “binocular summation/
difference theory” [26], which is to convert the information obtained by the left and right eyes
into uncorrelated sum and difference signals, and then transmit them forward, so that 3D-CNN
can obtain multi-dimensional information.

In addition to the fusion mechanism of the brain, visual saliency is also important
for image processing. The research of visual psychophysics has found that when the
human eye looks at an image, it will unconsciously focus on certain areas, and give
priority to the information of these areas [36], called them as salient areas. In
reference [11], a Saliency-based DCNN (SDCNN) framework for NR-IQA is pro-
posed. Inspired by this, we use saliency mapping to modify monocular image to
highlight regions of interest and weaken insensitive parts, and propose a blind SIQA
method via 3D saliency selected binocular perception and 3D-CNN.
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Here we use 3D-CNN model that automatically simulate human vision, and build the
relationship between subjective perception and predicted scores of stereoscopic image quality.
Our main contributions are as follows:

(1) We propose a 3D-CNN based NR-SIQA method. To the best of our knowledge, we are
the pioneers in using 3D-CNN to evaluate the quality of stereoscopic images.

(2) We propose a method to select salient image patches from 3D saliency map. By
weighting 2D saliency map and depth saliency map, 3D saliency map of depth percep-
tion is obtained. Only when the value of 3D saliency patch is greater than the set
threshold, the corresponding image patch can be selected from the left and right image
for predicting image quality.

(3) For 3D-CNN model, we add simple summation and difference images to supplement the
left and right images as input, providing more different and effective information for
predicting image quality.

The rest of this paper is organized as follows. Section 2 describes related work on stereoscopic
image quality assessment. In Section 3, proposed model is introduced in detail. The experi-
mental results and analysis on multiple databases are presented in Section 4. Finally, we
conclude this paper in Section 5.

2 Related works

Generally, according to whether to use reference image information, objective methods can be
categorized into full reference (FR), reduced reference (RR) and no reference (NR, also called
as blind reference) [22]. In the process of SIQA, if the original reference image is used, the
quality of the distorted stereoscopic image pairs can be obtained more accurately by comparing
the local similarity between the two groups of images. This method is called full-reference
(FR) SIQA [4, 5, 12, 39]. Shao et al. [31] simulated simple and complex visual cell to obtain a
feature encoding approach, and define a similarity measure approach between original image
and distorted image. Li et al. [20] proposed an FR SIQA based on ensemble learning and an
adaptive cyclopean image, which was modified by a salient map.

In contrast, the no-reference (NR) SIQA method does not need reference image, which is
more in line with the actual need, more promising in practical applications, but more
challenging [3, 32, 50]. Akhter et al. [2] proposed a NR SIQA method, which combined the
extraction of manually designed segmented local features and estimated parallax information
from stereoscopic image pairs. Subsequently, by exploring the interaction of two views in
HVS, many researches began to focus on the binocular behavior of simple and complex cells
in human brain to generate “cyclopean” images from two views [5]. The algorithm proposed
by Chen et al. [6] used the 2D features of the synthesized cyclopean image and the 3D features
of the corresponding depth map to predict the perceived quality of the stereoscopic image
pairs. Zhou et al. [52] describe a blind SIQA based on binocular combination and an extreme
learning machine (ELM). Yang et al. [45] used depth perception map to quantify the depth
features of stereoscopic images, and also considered binocular features. In addition, deep belief
network is used to evaluate content quality. Li et al. [21] proposed an NR-SIQA method based
on visual attention and perception. The model combined saliency and just noticeable differ-
ence (JND), and weight the global and local features extracted from the left and right views.
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Finally, a support vector regression (SVR) is learned to evaluate the quality of stereoscopic
images. Liu et al. [23] extracted the monocular color and luminance features and binocular
summation / difference features and proposed a blind SIQA model by SVR.

In recent years, deep learning technology has been widely used in solving various image
processing and computer vision problems [29], and has achieved great success. Convolutional
neural network (CNN) has shown outstanding performance in many applications of computer
vision and image processing. Compared with the traditional image processing methods, CNN
can automatically learn the deep visual features that closely related to the target by optimizing
the network parameters rather than using hand-made features. The main advantage of CNN is
that it can directly input the images, and then combine feature learning with quality regression
in the training process. When CNN is directly used for NR SIQA, there will be a key obstacle:
the training data is not enough because of the limited number of subjective perception images.
The existing data enhancement and image preprocessing technology is also not suitable for the
NR SIQA [17]. In order to solve these problems, most scholars adopt the strategy of image
segmentation: cut the image into patches of the same size, input patches into CNN model to
predict the quality score of each image patch, and then get the image perception quality
according to the established rules. Kang et al. [14] proposed a CNN model for 2D images,
input image patches, learn the quality characteristics of image patches and obtain their visual
quality. Finally, the quality of all image patches is weighted and averaged to calculate the
objective score of the image. Li et al. [19] transferred the structure and weights of a model pre-
trained on ImageNet. Then, they modified the last several layers to directly output the quality
score, and fine-tuned the network to regress the objective image quality. Lv et al. [24]
established a depth neural network model to predict monocular distortion of stereoscopic
images, and evaluated binocular features considering binocular competition. Finally, the two
features were fused to comprehensively evaluate stereoscopic images from various aspects.
Sun et al. [34] use CNNs to learn deeper local quality-aware structures, and remove related
features on non-salient patches. Then, the reserved features are aggregated into a final quality
score in an end-to-end manner.

3 Proposed method

Our proposed blind SIQA framework is shown in Fig. 1. Given left and right images, we first
compute the 3D saliency map by combining 2D saliency map with depth saliency map. Then
saliency left and right image patches are selected by using the saliency of 3D saliency map
patches, and saliency summation and difference images are generated, which are fed to 3D-
CNN to predict the perceived quality after performing local normalization. Finally, the score of
the distorted stereoscopic image is obtained by the weighted average of the quality scores of
the saliency image patches. Next, our proposed blind SIQA is divided into six parts (A, B, C,
D, E and F) for detailed introduction.

3.1 3D saliency map
Zhang et al. [49] found that the visual saliency of an image varies with the change of image
quality, so we design 3D saliency map and select the image patches with high saliency to train

the network, so as to reduce the adverse effect of low saliency image patches on the result. In
[38], they compared the results of several methods, including no-depth, depth-weighting (DW)
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Fig. 1 Structure of our proposed blind SIQA

and depth-saliency (DS) method, which show that the depth-saliency is the best, and indicates
the importance of depth saliency map in the modeling of 3D visual attention. Reasonable
fusion of depth saliency map and 2D visual feature detection results can better predict saliency
region. We use the depth-saliency model from [38]. As shown in Fig. 2, firstly cyclopean
image and depth saliency map are calculated from left and right images, then 2D saliency map
is obtained from cyclopean image, and 3D saliency map is computed by combining 2D
saliency map with depth saliency map.

Figure 3 shows the left image of a stereoscopic image and its cyclopean image and saliency
map. Compared with cyclopean image and 2D saliency map, 3D saliency map emphasizes the
contour and edge information of the object, and the region closer to the observer, which is in
line with our daily experience. Therefore, 3D saliency map not only reflects the saliency of 2D
image, but also emphasizes the depth information of stereoscopic image. Next, the details of
cyclopean image, 2D saliency map, depth saliency map and saliency maps combination are

Left image I Right image '

Cyclopean
image
l Depth

saliency map
2D saliency

map

Saliency maps
combination

v

3D saliency map

Fig. 2 Calculation process of 3D saliency map
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(a) Left image (b) Cyclopean image (c) 2D saliency map (d) Depth saliency map (e) 3D saliency map

Fig. 3 Stereoscopic image and its cyclopean image and saliency map. a Left image. b Cyclopean image. ¢ 2D
saliency map. d Depth saliency map. e 3D saliency map

introduced.
1) Cyclopean image

We adopt the method of calculating cyclopean image in reference [5].

Cl(xvy) = WL(x7y) X IL(xvy) + WR((x+d)7y> X IR((x+ d)vy) (1)

where CI denotes the cyclopean image, /; and I are the left and right views, d is the parallax
obtained from the left image, and W, and Wy are calculated from the normalized Gabor filter
amplitude response.

An example of cyclopean image is shown as Fig. 4. Figure 4a is a Left and right
view with white noise (WN) asymmetry distortion, and Fig. 4b is Left and right view
with Gaussian blur (BLUR) asymmetric distortion. Figure 4c and d are cyclopean
images separately generated from Figure 4a and b. Obviously noise can be found
from Fig. 4c, and the image quality is significantly reduced due to noise. But in
Fig. 4d blur is hardly seen, which indicates that binocular suppression exists. These
are consistent with those in reference [1] (binocular suppression is found in BLUR
and JP2JK images, but not in WN and JPEG). Cyclopean image can well reflect the
phenomenon of binocular suppression, but it is difficult to perceive the depth infor-
mation of stereoscopic image.

2) 2D saliency map

We use the SDSP method [48] to calculate the 2D saliency map, which combines the prior
knowledge that people are more interested in the object with warm color and middle. The
saliency map calculated by SDSP focuses on the object, from which the shape and boundary of
the object can be clearly seen.

When viewing stereoscopic images, due to the addition of new depth information, depth
features and their combination or conflict with other single eye cues, it is unreasonable and
ineffective to directly use the 2D visual saliency model for 3D saliency calculation.

3) Depth saliency map

We consider not only the 2D saliency, but also the depth saliency of stereoscopic images. The
purpose of the optical flow algorithm [33] is to calculate the velocity vector of each pixel. If we
regard the left view as the first frame and the right view as the second frame, the objects close
to the human eye will have large parallax, which will show high speed in the streamer field.
Therefore, we use optical flow algorithm to calculate the parallax map of stereoscopic image,
and the formula is as follows:
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(b) Left and right view with Gaussian blur asymmetric distortion.

(¢) Cyclopean image via (a) (d) Cyclopean image via (b)

Fig. 4 An example of cyclopean image generated. a Left and right view with white noise asymmetry distortion.
b Left and right view with Gaussian blur asymmetric distortion. ¢ Cyclopean image view (a). d Cyclopean image
view (b)

B {PD (TG, )~ IR (i + wi gy + vij))

E(u,v) =% )
i X pg (ui i ) + o (uiwiger) + ps(vivier ) + o (Vi vij)] }

In the optical flow field, u is the horizontal component, v is the vertical component, A is the
regularization parameter, pp is the data penalty function and py is the spatial penalty function.

For the visual system, the horizontal difference is much larger than the vertical difference,
and the depth perception is more effective. Therefore, only the horizontal component of the
calculated motion vector is selected as the horizontal difference. Disparity map D was formed
by horizontal difference. The calculated formula of depth saliency map is defined as

D(x,y)~Dumin
Dmax_Dmin

Sp(x,y) = 1- (3)

where Dy, and Dp,, are the minimum and maximum values in the parallax map D,
respectively.
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4) Saliency maps combination

The purpose of saliency maps combination is to fuse the features of different dimensions,
including saliency map of 2D visual attention feature and depth saliency maps, so as to obtain
3D saliency information of stereoscopic image. At present, although many scholars have
proposed depth-saliency model, there is still no standard and widely used fusion method. So,
considering the different importance of 2D saliency and depth saliency, we use linear pooling
strategy to fuse the 2D saliency map and depth saliency map obtained by SDSP algorithm to
synthesize the final 3D saliency map. The linear pooling strategy is the same as the approach
of [30]:

S =~Sspsp + (1-7)Sp 4)

where Sspsp denotes the 2D saliency map obtained by SDSP algorithm, and Sj, is the depth
saliency map, v is the weighted coefficient. In this study, we use a linear pooling strategy,
which weights the 2D saliency map and the depth saliency map averagely. At present, how the
two saliency maps interact and ultimately affect 3D saliency are not completely clear, and we
consider both content saliency and depth perception have a great impact on stereoscopic
image, so we think they are equally important and set y to 0.5.

3.2 Local saliency region

As shown in Fig. 5, the left and right images and 3D saliency map are divided into image
patches, and saliency image patches are chosen via 3D saliency map. If the saliency value of
an image patch of the 3D saliency map is bigger than a given threshold, the corresponding
image patches of left and right images are selected to feed to 3D-CNN.

3.3 Summation / difference image

The authors of [25] suggest that the vision system has a separate adaptive binocular summation
and difference channel to achieve efficient transmission of binocular information. At the
physiological level, it is explained that the signals of the summation and difference channels
are multiplexed, and each V1 neuron receives the weighted sum of the signals in these two
channels [18]. In order to clearly show the effect of summation/difference theory, a sample of
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Fig. 5 Selecting procedure of saliency judgment image patches
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reference stereoscopic images and corresponding summation and difference images are shown
in Fig. 6. The image is like a plane image with ghosting, which is also caused by the parallax
of the stereo image. We believe that the human visual system can sense the parallax and
convert it into depth information, because the images reflected in the brain are clear and three-
dimensional, while the difference images mainly show the depth and contour information of
objects. Therefore, we extract the quality features from summation and difference images of
stereoscopic images to predict image quality. According to reference [8, 25], the binocular
summation/difference image can be simply calculated as follows:

IS(irj)ZIL(irj)+1R(i7j) (5)
Ip(i,j) = I0(i, j)~Ir(i.])

where /g is the summation image, and 7, is the difference image.
3.4 Image local normalization
We divide the M x N stereoscopic image into m X n patches without overlapping, and then

reduce the image patch to the range of [0,1] by local normalization [27]. The local normalized
image I(x, y) is calculated as follows:

Summation image

Left image Right image

i ——sL )

| i |
Y ‘({" %/H‘ T
i - 3

Difference image

Fig. 6 Reference stereoscopic image and corresponding summation and difference image from LIVE 3D Phase I
database
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Lol I(i7j)_u(i7j)

I(i,)) = —F%=
o(i,j) +C oli,j) = [Yw i, Vi, /)’
40) = Eonate) )= st “

where / is the image before local normalization, 4 and o are the average and standard deviation
of I respectively, and wy_ ; is the two-dimensional circularly symmetric Gaussian weighting
function.

3.5 3D convolutional neural networks

In general, the typical CNN model structure uses convolution layer and pooling layer
alternately to process input information, and then uses full-connected layer to obtain the
mapping relationship between features and targets. In 2D-CNN, convolution layer and pooling
layer can only extract the features of 2D image, but cannot automatically obtain the interaction
information between stereoscopic images. 3D convolution and 3D pooling can extract features
between different images, which is exactly what stereoscopic images need. Therefore, we
employ 3D-CNN to complete the NR SIQA task.

1) 3D Convolution

Convolution in CNN is a special linear operation between input data and multiple kernel
functions, which is used to generate feature maps. For SIQA, 3D convolution adds the features
of depth information on the basis of 2D convolution. According to formula (7), the value of (x,
¥, 7) position of the j — th feature map of the i — & layer can be written as [10]:

ijm Y (i—1
m p=0 g=0 r=0 gm == 1)m

P10~ 1 R0 .
vy = g(bi/ +Y Y ¥y WP, )t (et )) (7)

where g(-) is a non-linear activation function such as hyperbolic tangent function (tanh) or
Rectified Linear Unit (ReLU), b;; is the bias for the current feature map, m means the set of
feature maps in the (i — 1) — & layer connected to i — th layer, the size of the 3D kernel is P
x O x R, and wiji is the value at the position (p, g, ) of the kernel connected to the m feature
maps.

2) Structure of 3D-CNN

Based on 3D convolution, we design a 3D-CNN model to automatically learn the quality
aware features of stereoscopic image, as shown in Fig. 7. In theory, the more levels of the
model structure, the stronger the expression ability, but the more training data required.
However, the number of images in stereoscopic image database is limited, which makes the
complex model easy to fall into overfitting. Therefore, we designed an effective model
according to the size of the database, which consists of five convolution layers, three pooling
layers and two fully connected layers, namely Conv1-Conv5, Maxpooling1-Maxpooling3 and
FCI1-FC2. The input part contains RGB color channels of left and right images, and their
summation and difference images, which make the network accept more different features.
Therefore, a cube of 4 x m x n (for example, n = 32, M = 32) is taken as the input of 3D-
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Fig. 7 Structure of 3D-CNN model

CNN model, and it has three feature maps. In particular, Conv1-2 has 32 convolution kernels,
Conv3—4 has 64 convolution kernels, and Conv5 has 128 convolution kernels. The size and
stride of convolution kernels are shown in Table 1. Filling is used to keep the size of input and
output of containment layer consistent. In addition, there are Maxpooling layers after Convl,
Conv2 and ConvS5. Finally, the two full connection layers have 512 nodes. The whole
parameters of network are shown in Table 1.

We use adaptive moment estimation optimizer (Adam) and back-propagation method to
train the network, and the learning rate is set to 0.0001.The minibatch size is set to 32 input
data, and the optimal parameters of the model are updated after each iteration. The activation
function of all convolution layers and fully connected layers use Rectified Linear Unit (ReLU),
which can simplify the back-propagation and enhance the optimization effect by setting a
threshold for the input. In order to avoid overfitting, dropout is used in the fully connected
layer. The output of neurons is randomly set to 0 with a probability of 0.5. As an effective
approximation, dropout can prevent the training network from overfitting in the case of sharing
weights.

3.6 Global quality
The input of the network is salient image patches cut from left and right images, and the
quality of each patch is predicted by 3D-CNN. The quality of the whole stereoscopic image is

calculated by weighted averaging the local quality of each salient image patch as following (8).

Table 1 Configurations of the proposed 3D-CNN structure

Layer Kernel Stride Output size Feature maps
Input - - 4x32%32 3
Convl 3x3x3 1 4x32%32 32
Maxpooling1 1x2x2 1x2x2 4x16%x16 32
Conv2 3x3x3 1 4x16%16 32
Maxpooling2 2x2x2 2 2x8x8 32
Conv3 2x3x3 1 2x8x8 64
Conv4 2x3x%3 1 2x8x%8 64
Conv5 2x3x3 1 2x8x8 128
Maxpooling3 2x2x2 2 1x4x4 128
FCl1 - - 512 -
FC2 - - 512 -
Output - - 1 -
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1w,
Q:N—pZi 4q; (8)

wherei = 1,2, ..., N, N, is the number of salient image patches, and g; is the predicted quality
of salient image patches.

4 Experimental results and analysis

In this section, the LIVE 3D databases and evaluation metrics are introduced, and the
performance of our proposed blind SIQA has been evaluated comprehensively, including
performance comparison on overall database, single distorted types, cross-database validation,
saliency threshold analysis, and on symmetrically and asymmetrically distorted images.

4.1 Databases and evaluation metrics

We use two public LIVE 3D Phase I and Phase IT IQA database to verify the effectiveness of
the algorithm. LIVE 3D Phase I [28] contains 20 reference images, and each reference image
has five types of distorted images. There are 80 distorted images in JP2K, JPEG, WN and FF,
and 45 distorted images in BLUR, a total of 365. Each pair of stereoscopic images is
symmetric distortion, that is, the distortion type and degree of left and right views are the
same. In addition, the database also contains the corresponding differential mean opinion score
(DMOS) of all stereoscopic images. The lower the DMOS value, the better the image quality.
The DMOS value of 20 reference images is 0. LIVE 3D Phase II [5] contains 8 reference
images and 360 distorted images. The distortion type is the same as Phase 1. Each pair of
stereoscopic images has a corresponding DMOS value. The difference is that only 120 of them
are symmetrical, and the remaining 240 are asymmetric.

In our experiments, we use the same three performance indicators as in most literatures:
SROCC, PLCC and RMSE. When SROCC and PLCC are close to 1 and RMSE is close to 0,
the objective evaluation effect is the better. In our experiment, 80% of the images were
randomly selected as the training set, and the remaining 20% as the test set. The median of
100 random experiments was the final result.

4.2 Overall performance comparison

To evaluate the effectiveness of the proposed model, we compared the results with the four
most advanced FR-SIQA methods (Chen2013 [5], Shao2017 [31], Jiang2018 [12] and Li2019
[20]) and nine NR-SIQA methods (Chen2013 [6], Appina2016 [3], Zhou2017 [52], Yang2018
[43], Yue2018 [46], Yang2019 [45], Li2019 [21], Liu2020 [23] and Sun2020 [34]). The
comparison results of SROCC, PLCC and RMSE on LIVE 3D Phase I and II databases are
summarized as Table 2, and the best two results are displayed in bold type. It can be seen from
Table 2 that the proposed model has competitive advantages in both databases, which proves
that the model can effectively predict the quality of stereoscopic images. In particular, SROCC
in the Phase II is 0.954, which is 0.008 higher than the best result (0.946 in Li2019 [21]) of the
other thirteen methods. Based on the above analysis, our model can simulate the human visual
system well for both symmetric and asymmetric stereoscopic images.
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Table 2 Comparison of overall performance of different methods

Type Methods LIVE 3D Phase I LIVE 3D Phase 11

SROCC PLCC RMSE SROCC PLCC RMSE

FR Chen2013 [5] 0.916 0.917 6.550 0.893 0.901 4.987
Shao2017 [31] 0.931 0.939 5.646 0.928 0.926 4.199
Jiang2018 [12] 0.938 0.946 5.316 0.926 0.926 4.268
Li2019 [20] 0.947 0.958 4.248 0.940 0.948 2.986

NR Chen2013 [6] 0.891 0.895 7.247 0.880 0.895 5.102
Appina2016 [3] 0911 0.917 6.598 0.880 0.845 7.279
Zhou2017 [52] 0.921 0.941 5.540 0919 0.923 4262
Yang2018 [43] 0.946 0.954 4.874 0.923 0.934 3.999
Yue2018 [46] 0914 0.937 5.652 0.906 0914 4.449
Yang2019 [45] 0.944 0.956 4917 0.921 0.934 4.005
Li2019 [21] 0.953 0.965 - 0.946 0.955 -
Liu2020 [23] 0.949 0.959 4574 0.933 0.936 3.804
Sun2020 [34] 0.959 0.951 4.573 0.918 0.938 3.809
Proposed 0.962 0.966 4.470 0.954 0.957 3.520

Figure 8 shows the change of the loss during the training process on the two databases. It
can be seen that the MSE loss value decreases rapidly in the first few iterations and tends to be
stable after 30 iterations, which shows that the model can converge quickly, and reduce the
time cost in the learning process.

4.3 Performance comparison of single distorted types

In practical application, the distorted types of images in the process of acquisition, transmis-
sion and display are different. Therefore SIQA method should not only have a good overall
performance, but also achieve satisfactory results in various distortion types. We list the
SROCC and PLCC results of five distortion types in LIVE 3D Phase I and II databases as
Tables 3 and 4 respectively, and the best two results are displayed in bold.

According to Tables 3 and 4, the proposed model shows the highest predicted accuracy for
most of distorted categories, only SROCC and PLCC of Blur do not achieve satisfactory
results. In addition, the FR Jiang2018 [12] also shows good performance in WN, Blur and FF

300
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250 = LIVE 3D Phase Il

200
& 150
=

100
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0 5 10 15 20 25 30 35 40
epochs

Fig. 8 Optimization process of training loss on LIVE 3D Phase I and II databases
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Table 3 Performance comparison of SROCC with five kinds of distortion

Type Methods LIVE 3D Phase [ LIVE 3D Phase 11

JP2K  JPEG WN  BLUR FF JP2K  JPEG  WN  BLUR FF

FR Chen2013 [5] 0.896 0558 0948 0926 0.688 0.833 0.840 0955 0910 0.889
Shao2017 [31]  0.900 0.634 0943 0925 0.781 0.875 0.834 0933 0924 0.941
Jiang2018 [12]  0.903 0.663 0.953 0.936 0.808 0.850 0.855 0.956 0.938  0.956
Li2019 [20] 0941 0.762 0936 0979 0869 0920 0.843 0975 0936 0.976

NR  Chen2013 [6] 0.863 0.617 0919 0.878 0.652 0867 0.867 0.950 0.900 0.933
Appina2016 [3] 0917 0.782 0.910 0.865 0.666 0.864 0.839 0932 0.846 0.860
Zhou2017 [52] 0.871 0.687 0.941 0905 0.785 0.897 0.802 0.942 0907 0.920
Yang2018 [43] 0903 0.739 0927 0.862 0.799 0908 0.793 0.920 0.892 0.908
Yue2018 [46] 0.832 0595 0932 0857 0779 0959 0.769 0959 0.868 0913
Yang2019 [45] 0.897 0.768 0.929 0917 0.685 0.859 0.806 0.804 0.834 0.877
Li2019 [21] 0910 0.760 0930 0.864 0.789 0918 0.834 0950 0951 0.929
Liu2020 [23] 0912 0.743 0953 0901 0845 0921 0.788 0954 0936 0.939
Sun2020 [34] 0970 0.687 0.893 0.979 0853 0897 0.579 0933 0964 0918
Proposed 0950 0.827 0961 0917 0909 0864 0.882 0.966 0925 0.948

distortion category, but its performance in JP2K and JPEG distortion on the two databases are
not good, which leads to its overall performance is poor. In general, the proposed model
performs well, which proves its robustness and effectiveness.

In order to show the predicted effect of the proposed model more intuitively,
Fig. 9 gives the scatter plots of predicted DMOS against subjective DMOS on the
LIVE 3D Phase I and 3D Phase II. The horizontal axis represents the DMOS
predicted by the proposed model, and the vertical axis represents the subjective
DMOS. The more the scatter points converge, the closer the fitting curve is to the
straight line, which indicates that the model is better. From Fig. 9 it can be seen that
the scatter distribution of various distortion types shows straight line, and the fitting
curve is very close to the diagonal line of the first quadrant, which further shows that
the proposed algorithm is linearly consistent with the subjective perception.

Table 4 Performance comparison of PLCC with five kinds of distortion

Type Methods LIVE 3D Phase [ LIVE 3D Phase 11

JP2K  JPEG WN  BLUR FF JP2K JPEG  WN  BLUR FF

FR Chen2013 [5] 0916 0.634 0944 0942 0.758 0.843 0.842 0960 0965 0.910
Shao2017 [31]  0.936 0.665 0944 0954 0.830 0.877 0.851 0.934 0945 0.933
Jiang2018 [12] 0941 0.698 0.952 0.958 0.855 0.846 0.877 0.955 0.985 0.960
Li2019 [20] 0977 0927 0956 0987 0928 0940 0.855 0.986 0990 0.966

NR  Chen2013 [6] 0907 0.695 0917 0917 0.735 0899 0.901 0947 0941 0932
Appina2016 [3] 0938 0.806 0.919 0.881 0.758 0.867 0.829 0.920 0.878  0.836
Yang2018 [43] 0947 0.820 0.957 0952 0876 0936 0.862 0952 0975 0935
Yue2018 [46] 0934 0.744 0962 0971 0854 0986 0.843 0.986 0973 0923
Yang2019 [45] 0942 0.824 0954 0963 0.789 0.886 0.867 0.887 0988 0916
Li2019 [21] 0957 0812 0958 0948 0.846 0950 0.879 0974 0991 0.956
Liu2020 [23] 0948 0.768 0.967 0910 0852 0942 0.788 0973 0986  0.949
Sun2020 [34] 0948 0.806 0956 0960 0.890 0900 0.823 0956 0.996 0.901
Proposed 0973 0842 0970 0966 0916 0885 0.897 0973 0989  0.970
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Fig. 9 Scatter plots of predicted DMOS of the proposed method against subjective DMOS. a On the LIVE 3D
Phase I. b On the LIVE 3D Phase II

4.4 Cross-database validation

In order to further illustrate that the proposed model is not limited to the samples in the
database, we conduct cross-database validation, training and learning the model on one
database, and testing it with a different database. Here, two cross-test are conducted: (1) LIVE
I/LIVE II, which means that the experiment is trained on LIVE 3D PHASE I and tested on
LIVE 3D PHASE 11, (2) LIVE IVLIVE I, which denotes that the experiment is trained on
LIVE 3D PHASE II and tested on LIVE 3D PHASE 1. The results are given in Table 5, and it
can be seen that the results of cross-database test are significantly lower than those of the same
training-testing database, because the distortion types and degree of the two database samples
are quite different. Moreover, the performances of LIVE I/LIVE II are apparently the worse
than that of LIVE IVLIVEIL and it may be that LIVE 1II contains both symmetric and
asymmetric stereoscopic images, while LIVE I contains only symmetric distorted images,
resulting in asymmetric distorted images not learned for LIVE I/LIVE II. Compared with other
recently six methods, the proposed model shows competitive performances, which further
suggest the proposed model is effective for SIQA, insensitive to image content, and has good
universality and stability.

Table 5 Performances of cross-database validations

train/test LIVEILIVEI LIVEII/LIVEL

SROCC PLCC SROCC PLCC
Zhou2017 [52] 0.827 - 0.899 -
Yang2018 [43] 0.817 0.829 0.905 0.910
Yang2019 [45] 0.852 0.849 0.869 0.860
Li2019 [21] 0.818 0.826 0.852 0.861
Liu2020 [23] 0.832 0.862 0.874 0.888
Sun2020 [34] 0.870 0.899 0.918 0.919
Proposed 0.831 0.851 0.910 0911

@ Springer



18452 Multimedia Tools and Applications (2022) 81:18437-18455

4.5 Saliency threshold analysis

Saliency threshold determines how many saliency patches are selected, the bigger the thresh-
old, the less the selected saliency patches; conversely, the smaller the threshold, the more the
selected saliency region. Here we did a comparative experiment under different saliency
thresholds. The results are listed in Tables 6, 7, 8 and 9 when threshold are set to 0, 0.1,
0.2, 0.3, 0.4, 0.6, 0.8, and the best results are shown in bold. On the whole, when the saliency
threshold is 0.2, the results are the best, so we set the threshold to 0.2 in this paper.

4.6 Performance comparison on symmetrically and asymmetrically distorted images

We further carried out comparative experiment of symmetric and asymmetric distortions on
LIVE 3D Phase II. We compared the proposed method with three FR (Benoit2008 [4],

Table 6 Overall performance Comparison of different significance thresholds on LIVE 3D Phase I

Threshold 0 0.1 0.2 0.3 0.4 0.6 0.8

SROCC 0.959 0.961 0.962 0.956 0.957 0.952 0.948
PLCC 0.961 0.964 0.966 0.962 0.962 0.960 0.955
RMSE 4.824 4.598 4.470 4.763 4.856 4.840 4.998

Table 7 Overall performance Comparison of different significance thresholds on LIVE 3D Phase II

Threshold 0 0.1 0.2 0.3 0.4 0.6 0.8

SROCC 0.944 0.949 0.954 0.952 0.951 0.947 0.934
PLCC 0.954 0.956 0.957 0.956 0.955 0.954 0.944
RMSE 3.636 3.494 3.520 3.499 3.561 3.746 4.202

Table 8 SROCC of individual distortion type of different significance thresholds on LIVE 3D Phase 1

Threshold 0 0.1 0.2 0.3 0.4 0.6 0.8

JP2K 0.943 0.949 0.950 0.938 0.931 0.926 0.919
JPEG 0.835 0.840 0.827 0.825 0.836 0.812 0.820
WN 0.960 0.940 0.961 0.957 0.960 0.950 0.957
BLUR 0.932 0.908 0.917 0.917 0.933 0.917 0.883
FF 0.829 0.865 0.909 0.841 0.852 0.859 0.823

Table 9 SROCC of individual distortion type of different significance thresholds on LIVE 3D Phase Il

Threshold 0 0.1 0.2 0.3 0.4 0.6 0.8

JP2K 0.900 0.896 0.864 0.929 0.921 0.896 0.891
JPEG 0.877 0.877 0.882 0.881 0.863 0.846 0.838
WN 0.954 0.961 0.966 0.957 0.950 0.950 0.950
BLUR 0.930 0.904 0.925 0.936 0.954 0.946 0.930
FF 0.945 0.946 0.948 0.946 0.946 0.921 0.936
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Table 10 Performance Comparison on symmetrically and asymmetrically distorted images

Type Methods Symmetric Asymmetric
SROCC PLCC SROCC PLCC
FR Benoit2008 [4] 0.696 0.734 0.747 0.770
Chen2013 [5] 0.925 0.938 0.854 0.875
Wang2015 [39] 0.923 0.937 0.902 0.898
NR Mittal2012 [27] 0.872 0.868 0.559 0.575
Chen2013 [6] 0.918 - 0.834 -
Zhang2016 [50] 0915 0912 0.708 0.763
Shao2018 [32] - - 0.838 0.894
Proposed 0.927 0.939 0.931 0.940

Chen2013 [5], and Wang2015 [39]) and four NR (Mittal2012 [27], Chen2013 [6], Zhang2016
[50], and Shao2018 [32]) IQA methods. Their results have been reported in related papers, or the
source code of the methods has been made public. The comparison results of SROCC and PLCC
are summarized as Table 10, and the best two results are displayed in bold type. It can be seen
that most of the other methods have achieved good results in symmetric distortion, indicating
that they can accurately evaluate the perceptual quality of symmetrically distorted stereoscopic
images, but the effect is poor in asymmetric distortion. However, the results of the proposed
method on asymmetric distortion are better than those on symmetric distortion, which shows that
our method is also suitable for asymmetric distortion. In general, the proposed method has the
best performance in both symmetrically and asymmetrically distorted images.

5 Conclusion and future work

In this paper, we proposed a blind SIQA model via 3D saliency selected stereoscopic images
and 3D-CNN. 3D saliency map is used to select salient image patches more suitable for SIQA.
Finally, the objective quality score of stereoscopic image is obtained by weighted average
method. The experimental results show that the SROCC of our proposed method on LIVE 3D
Phase I and Phase Il is 0.962 and 0.954, respectively. In cross-database validation, the SROCC
of LIVE II/LIVEI is 0.910. Compared with the state-of-the-art NR SIQAs, our metric has
higher performance, which shows its superiority and robustness.

In this method we select the salient local regions of the image to train the 3D-CNN model,
and use trained scores from DMOS of the whole image, which are not certainly the real quality
score, and maybe lead to limited subjective relationships. In the future research, it is necessary
to get real quality scores of local image patches for nonuniform distortion.
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